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Abstract

High-quality annotated data is essential for training effective machine learning models, especially for fine-grained
tasks like Named Entity Recognition (NER), where each token in a sentence must be tagged with a golden annotation.
While Large Language Models (LLMs) show strong potential in automating data annotation, existing literature lacks
extensive evaluations that systematically compare different models, embedding strategies, and context selection
methods, particularly on complex, real-world datasets. This paper fills this gap by conducting a comprehensive study
of LLMs for NER annotation across four diverse datasets. It benchmarks both proprietary and open-source LLMs at
the 7B to 70B parameter scale, including a 32B reasoning-optimized model, and explores multiple context selection
strategies. Two evaluations are performed: (i) the assessment of the practical utility of LLM-generated annotations by
fine-tuning a RoBERTa model on LLM-generated annotations and measuring downstream performance; (ii) the
assessment of only LLM-generated annotations using token-level metrics, like Precision, Recall, F}, and agreement
with human annotations (Cohen’s ). Empirical results, supported by statistical tests, highlight the importance of
choosing suitable LLMs and embedding models and reveal key trade-offs between model scale and annotation
quality. Challenging datasets like SKILLSPAN further expose the limitations of current LLM-based annotation
pipelines, emphasizing the need for benchmarking on difficult, real-world tasks.
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1. Introduction large corpora (Feng et al., 2021a). With the advent

of advanced LLMs such as GPT (OpenAl, 2023),

Data annotation plays a crucial role in training ML
models. In NLP, data annotation typically involves
annotating text data with relevant information, such
as named entities, parts of speech, sentiment,
intent, text classification, etc. The process of
annotating data carries even greater significance
for fine-grained NLP tasks, such as token
classification, where each token in a sentence must
be tagged with a gold label.

In specialized domains such as human
resource management, medical (Liu et al.,
2022), finance (Loukas et al.,, 2022), etc.,

organizations often possess large datasets that
can be leveraged to enhance decision-making
and operational efficiency through the use of

LLM-based approaches (Urlana et al., 2024).

Consequently, companies are increasingly
adopting fine-tuning as a strategic approach, as
it enables them to optimize model performance,
reduce dependency on costly external APlIs,
and tailor solutions to meet industry-specific
requirements, thereby ensuring data privacy and
alignment with corporate objectives. However, for
these organizations to fully harness the power of
LLMs through fine-tuning, high-quality annotated
datasets are needed, which is a labor-intensive
and costly process, especially when applied to

Qwen (Team, 2024b), DeepSeek (DeepSeek-Al,
2025), and Llama (Touvron et al., 2023) families,
researchers and practitioners are increasingly
leveraging these models to enhance the data
annotation process (Tan et al., 2024), as they offer
unparalleled capabilities for automation, scalability,
and cost reduction (Wang et al., 2021).

Recent studies have demonstrated that
LLMs (Wang et al., 2023; Naraki et al., 2024) can be
effectively employed for data annotation in the NER
task, achieving performance comparable to human-
level in some cases. However, the authors argue,
and the findings of the proposed study further
support, that these conclusions are largely based
on evaluations using relatively simple benchmark
datasets, such as CoNLL-2003 (Tjong Kim Sang
and De Meulder, 2003) and WNUT-17 (Derczynski
et al., 2017). Notably, between 2023 and 2025,
the CoNLL-2003 dataset was used in 191 studies,
while WNUT-17 appeared in 45 studies. In contrast,
more complex datasets like SKILLSPAN (Zhang
et al., 2022a) and GUM (Zeldes, 2017) have been
used significantly less frequently, appearing in
only 9 and 4 studies, respectively'. Moreover,

'Statistics from https://paperswithcode.com/
dataset/ as of August 2, 2025.
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while standard performance metrics such as
Precision, Recall, and F; score offer useful insights
into the annotation quality of LLMs, they alone
are insufficient for a comprehensive evaluation.
These metrics primarily capture surface-level
correctness but do not fully reflect the alignment of
LLM-generated annotations with human judgment.
Thus, a more rigorous analysis is needed to
evaluate the effectiveness of LLMs in NER.

Motivated by the lack of a comprehensive study in
the literature, this article systematically examines
the performance of LLMs in data annotation for
NER tasks. The main goal is to establish a robust
and reproducible baseline to guide future research
in this area. To create a strong baseline, it extends
the evaluation beyond conventional metrics such
as Precision, Recall, and F;-score, adopting a
systematic approach to assess the reliability of
LLM-generated annotations. First, it conducts a
practical downstream evaluation by fine-tuning a
RoBERTa model on both human-annotated and
LLM-generated data. This experiment simulates
real-world scenarios where LLMs are employed
for annotation, allowing the assessment of the
practical implications of using such labels in model
training. Then, to further validate the findings,
it directly evaluates the quality of gold labels
produced by LLMs by comparing them against
human-annotated data. This involves measuring
inter-annotator agreement as well as standard
classification metrics, providing insights into the
degree of alignment between LLM-generated and
human annotations.

The main contributions of this study are
summarized as follows: (i) it benchmarks a range
of LLMs for NER annotation across four diverse
datasets. The evaluation encompasses both
proprietary and open-source models, spanning
parameter scales from 7B to 70B, including a
reasoning-optimized variant; (ii) it evaluates the
practical utility of LLM-generated annotations
by training a downstream model, RoBERTa,
on these labels. This analysis investigates
different embedding models and context selection
strategies, namely zero-shot, in-context learning,
and retrieval-augmented generation, supported
by statistical significance testing; (iii) it further
evaluates the LLM-generated labels using
standard metrics, such as Precision, Recall, and
Fi, complemented by Cohen’s k to provide a
comprehensive assessment of their alignment
with human annotations; (iv) it reveals that more
challenging datasets, such as SKILLSPAN, expose
the limitations of LLM-generated annotations and
context retrieval methods.

2. Related Work

In the recent past, there have been efforts
by researchers to leverage the LLMs for data
annotation (Tan et al., 2024). Wang et al. (2021)
introduced the use of GPT-3 (Brown et al., 2020)
for data annotation by evaluating its generated
data against human-labeled data. To annotate
each sentence with the model, the authors
construct a prompt that includes several human-
labeled examples along with the target sentence,
and evaluate the performance in n-shot settings.
Additionally, they report the performance of text
classification and data generation tasks. Likewise,
He et al. (2024) leveraged GPT-3.5-based models
to annotate data and, in comparison to the previous
approach, introduced the concept of Chain-of-
Thought (CoT) (Wei et al.,, 2023) reasoning for
this purpose. The idea is to simulate the human
reasoning process to induce GPT-3.5 to motivate
the annotated examples. They provide GPT-3.5
with the task description, specific examples, and
the corresponding gold labels, then ask the model
to explain whether and why the given label is
appropriate for that example. This enables the
model to explain its choice of a specific label for
the target sentence. Then, the authors construct
the few-shot CoT prompts using the explanations
generated by the model for data annotation.

Following the work of Wang et al. (2021) and
Wang et al. (2023), Naraki et al. (2024) also
proposed an LLM-based annotation for the NER
task. The authors used the LLMs to clean noise and
inconsistencies in the NER dataset, and then they
merged the cleaned NER dataset with the original
dataset to generate a more robust and diverse
set of annotations. It is worth mentioning that, in
merging the annotations from LLM with human
labels, preference is given to human-annotated
examples compared to the LLM annotations. In
addition, Bogdanov et al. (2024) used the LLMs to
create a general dataset for NER tasks with a broad
range of entity types. The authors presented a
procedure that consists of annotating raw data with
an LLM to train a task-specific foundation model for
NER. Goel et al. (2023) use the same concept of
data annotation using LLMs; however, they apply it
to a medical domain for accelerating the annotation
process along with human input. Lastly, (Dao et al.,
2025) addressed the data scarcity problem through
LLM-generated synthetic data.

These studies highlight a strong interest in
using LLMs for dataset annotation. However, a
systematic evaluation of complex NER datasets
with several LLMs remains unexplored, which
motivates the proposed study.
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3. Methodology

3.1.

The NER task can be defined as the problem
of learning an approximation function f, that
closely matches the real function f Sy X
7z — C, where Sy is the set of all sentences
formed from the vocabulary V, 7 is the set
of word positions, and C is the set of entity
categories. The real function f given: (i) a sentence
S = (wy,...,w,) €Sy composed of z words, and
(i) an index j € {1,...,z} identifying a specific
occurrence of a word in S, returns the entity label
c € C of that word wj.

Problem Formalization

This study divides a dataset of sentences into
three groups: training, validation, and testing. The
training set is then further divided into two splits:
one for selecting context examples and another
for annotation purposes. The goal is to select
a subset of context examples that will guide an
LLM in annotating the rest of the sentences in the
training set. Formally, it is assumed to be available
a dataset D = {S;},, where S; represents
the i-th sentence, with training, validation and
test split given as Dyrains Dyatia and Dyese. The
dataset D4, is divided into two disjoint subsets:
X, referred to as the sample space, from which
context examples are sampled, and 7, which will be
annotated by the LLM. Formally, let X C Dy,.q:n, be a
subset of size z, where z < n, and T = Dypgin \ X
be the remaining subset containing ¢ sentences,
where t = n—z. From X, m examples are selected,
where m < z, to form the context set M. The LLM
uses all the m examples in M as input context to
annotate the ¢ sentences in 7.

3.2. Approaches to Data Annotation

Crafting an effective prompt for LLMs is a crucial
task, as different LLMs tend to respond differently
to prompt variations (Errica et al., 2024). This work
adopts the same approach to prompt design used
in He et al. (2024) and Wang et al. (2023).

In the zero-shot setting (i.e., the baseline), LLMs
receive only task descriptions and entity categories
from the dataset. This setting evaluates the
models’ general capabilities without any explicit
task-specific adaptation. It is important to note that
because modern LLMs are pre-trained on massive,
partially undisclosed corpora, it is possible that
some evaluation instances (or closely related
content) were seen during pre-training. This
potential data contamination is difficult to verify,
especially for proprietary models. For this reason,
we treat zero-shot performance as a reference
point and focus on the relative improvements
obtained by more advanced techniques such

as In-Context Learning (ICL) and RAG. In In-
Context Learning, the prompts given to LLMs are
enhanced by including not only a task description
and entity categories but also M contextual
examples sampled from X. The sampling can be
approached in two ways: either through manual
cherry-picking or by random sampling, although
cherry-picking contradicts the rationale of this
article. Thus, random sampling is used. To address
the limitations of the aforementioned approaches,
this study also considers a RAG-based method to
automatically select relevant contextual examples
via cosine similarity.

3.3. Evaluation Settings

To comprehensively evaluate the quality of LLM-
generated annotations, this study adopts a multi-
step evaluation that not only captures the practical
utility in real-world downstream tasks but also
provides a deeper insight into errors made by LLMs.

Downstream NER Scenario To assess the
practical utility of LLM-generated annotations, this
work conducts a downstream evaluation using
an encoder-based model. Specifically, this study
adopts the RoBERTa (Liu et al., 2019) model due
to its widespread use in NER tasks (Zhou and Li,
2022; Zhang et al., 2022a; Ul Haq et al., 2024;
Haq et al., 2024). The evaluation pipeline is as
follows: for a given dataset D;4in, a Subset 7 C
Dirain 18 Selected, which is annotated automatically
using an LLM, following the strategies described
in Section 3.2. The resulting annotated subset 7~
is then used to fine-tune RoBERTa. The Model
Selection is based on the validation set D4, and
the final evaluation is conducted on the held-out test
set D,.s:. To ensure robustness, this study reports
the average performance across five random seeds.
Conceptually, this evaluation provides insights into
how well LLM-generated annotations can support
real model training.

LLM Post-processing Errors LLM-generated
annotations must conform to the correct output
format, ensuring precise token-level alignment
with the gold labels. Even minor discrepancies,
such as incorrect span boundaries or improperly
placed tags, can substantially distort evaluation
metrics and compromise downstream applications.
Consequently, this evaluation rigorously examines
the structural reliability of various LLMs by
assessing their adherence to the annotation format
and compliance with task-specific constraints.

LLM-generated Annotations This evaluation
assesses the quality of the generated annotations
for each LLM using direct token-level metrics:
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Dataset Sentences Average
Train Validation Test Entity Length
CoNLL-2003 14041 3250 3453 1.60
WNUT-2017 3394 1008 1287 1.73
GUM 1435 615 805 3.15
SKILLSPAN 3074 1396 1522 4.72

Table 1: Dataset statistics, with Average Entity
Length as the mean number of tokens per entity.

Precision, Recall, F};, and Cohen’s k scores.

These are computed by comparing LLM-generated
annotations with the human-annotated gold labels
across multiple datasets. The Precision, Recall,
and F; metrics offer a straightforward measure of
how well the LLM captures relevant named entities,
although they provide only a partial picture. For
this reason, Cohen’s k£ (Cohen, 1960) metric is
also considered, as it is a statistical measure used
to evaluate the level of agreement between two
raters or observers on categorical classifications,

accounting for the agreement occurring by chance.

This metric highlights how well LLMs align with
gold labels, offering deeper insight than token-level
metrics alone.

4. Experimental Assessment

4.1. Datasets

To evaluate the performance of the proposed
methodology and assess the capabilities of LLMs,
four datasets are considered, with their statistics
summarized in Table 1. Each dataset presents
unique challenges for LLMs in performing NER
tasks, allowing this study to comprehensively
analyze the ability of LLMs to handle diverse entity
types, from well-structured entities to complex,
ambiguous, and domain-specific annotations. The
CoNLL-2003 and WNUT-2017 datasets primarily
feature single-token entities, with average lengths
of 1.60 and 1.73 tokens, respectively. In contrast,
GUM has more complex entities, averaging 3.15
tokens. SKILLSPAN is the most complex, with
entity lengths averaging 4.72 tokens, indicating the
need for advanced modeling techniques.

4.2. LLMs Under Study

In the empirical assessment of the datasets
annotated by LLMs, the zero-shot data annotation
approach is chosen as the baseline since it
provides no context about the task to the LLM,
thus allowing the evaluation of the LLM'’s general
knowledge of the task. In addition, the ICL and
RAG-based approaches, described in Section 3.2,
are also considered. The experiments were
conducted using three different numbers of context
examples: (i) 25, (ii) 50, and (iii) 75, while fixing

the subset size to X = 30% of the training set
Drain- To further investigate the impact of varying
X, an ablation study was performed (Section 5) by
considering smaller sample sizes of 10% and 20%.

This study considers six LLMs: (i) gpt—-40-mini-
2024-07-18; (i) Qwen2.5-72B-Instruct;
(i) Llama3.1-70B-Instruct; (iv) DeepSeek-
R1-Distill-Qwen-32B; (V) Qwen2.5-7B-
Instruct; and (vi) Llama3.1-8B-Instruct.
Additionally, two embedding models are
considered: (i) text-embedding-3-large?;
and (if) sentence transformer all-
MinilM-L6-v2 (Reimers and Gurevych, 2019).
Throughout the remainder of the paper, text-
embedding-3-large will be referred to as
OpenAl, and sentence transformer all-
MiniLM-L6-v2 will be referred to as ST. In
the rest of the article, models are referred to
by their base names, e.g., Qwen2.5-72B for
Qwen2.5-72B-Instruct, and so on.

4.3.

To perform experiments for data annotation with
gpt—-4o-mini, the model is accessed via the
API| service provided by OpenAl. To ensure
reproducible results, the temperature is set to
0, and a seed value of 42 is used. Furthermore,
the system fingerprint fp_1bb46167£f9 is
reported as noted during APl access. For
data annotation generation using Qwen (Team,
2024b) and Llama (Touvron et al., 2023) based
models, the HuggingFace (Hugging Face, 2023)
implementation is utilized. The experiments with
billion-scale models are conducted on an A100
GPU with a seed value of 42. The instruction
fine-tuned variants of the open-source models are
employed in the proposed study. All models are
used exclusively for inference and are uniformly
quantized to 4-bit precision to ensure consistency
across the open-source implementations. As
discussed in Pecher et al. (2025) and Yazan et al.
(2024), quantization has a negligible impact on
performance for relatively simple tasks such as
information extraction. Regarding the proprietary
model, gpt-4o0-mini, the quantization scheme
is not publicly disclosed. All experiments to
fine-tune the NER task are performed with the
RoBERTa model available via Hugging Face
and conducted in a Python environment on an
RTX A5000 GPU. Each experiment is executed
with early stopping with a patience value of 3
and a cut-off of 0.3. The batch size is found to
be 32; the initial learning rate is set to 2 x 107°
with AdamW optimizer (Kingma and Ba, 2014),
and weight decay of 0.2. The different runs are

Implementation Details

2https ://platform.openai.com/docs/
guides/embeddings
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performed using the following five seed values:
(23112, 13215, 6465, 42, 5634]. Moreover, the
statistical significance tests are performed with
the help of the scikit-posthocs (Terpilowski, 2019)
library available in Python. The code is publicly
available online3.

4.4. Downstream NER Results

Figure 1 provides an overview of the experimental
results conducted in the proposed study. The
heatmaps illustrate the F; scores on the test
sets across different datasets, comparing the
performance of various models and methods
evaluated in this study. The CoNLL-2003 dataset,
which contains named entities like persons,
organizations, and locations, is relatively well-
structured, making it easier for LLMs to generate
high-quality annotations. The gpt-4o-mini
model with OpenAl embeddings emerges as
the top performer, just 2.7% below human-level
annotation, when considering 75 context examples.
Among the 70B models, Qwen2.5-72B with
OpenAl embeddings performs comparably to
gpt—-4o-mini, while 11lama3.1-70B with ST
embeddings lags slightly behind. Interestingly, by
harnessing its reasoning capabilities, DeepSeek—
R1-32B performs comparably to 70B scale models.
At the 7B scale, oQwen?2 . 5-78B with ST embeddings
significantly outperforms its counterpart with
70B when using 25 and 50 context examples.
This suggests that smaller models can still
perform competitively when paired with appropriate
embedding methods. Interestingly, the heatmap
reveals that context size plays a crucial role: gpt—
4o-mini and Qwen2.5-70B benefit from the
context sizes of 75 examples, while 11ama3.1-
70B performs best at a lower context size. This
suggests that models reach context saturation at
different points, where additional examples may not
always improve performance linearly.

The WNUT-17 dataset, which focuses on low-
frequency and emerging entities, presents a
significant challenge due to limited training samples
for each entity. However, DeepSeek-R1-32B with
OpenAl embeddings achieves the highest score,
outperforming gpt-4o0-mini and Qwen2.5-70B.
The 11ama3.1-70B model exhibits inconsistent
performance, scoring only 51.18 with ICL at 75
context examples, suggesting that it struggles to
generalize well to rare entities. At the 7B scale,
Owen2.5-7B with ST embeddings significantly
outperform Llama3.1-8B. This highlights that
ST embeddings provide a crucial advantage
for smaller models. Compared to human-level
annotation, which achieves an F; score of 54.93,

Shttps://github.com/UzairUlhaqg/LLM_
Annotator

the best-performing LLM, which adopts RAG,
reduces the gap to just 1.21%, which is the
smallest performance gap between human and
LLM annotation across all datasets used in the
experiments. This suggests that RAG-based
annotation is highly effective in adapting to rare
entity recognition, particularly when combined with
larger models and appropriate embeddings.

The GUM dataset presents a unique challenge
due to its diverse entity types, requiring models
to generalize across various linguistic structures.
DeepSeek-R1-32B with OpenAl embeddings
surpasses the rest of the models. At the 7B
scale, Qwen2.5-7B with OpenAl embeddings
outperforms Llama3.1-8B. However, both
models perform noticeably worse than their larger
counterparts, indicating that smaller models have
difficulty with datasets containing diverse entities.
The 3% gap between the top-performing LLM
and human annotation indicates that GUM is still
challenging for LLMs. Moreover, the heatmap
shows that model performance varies significantly
with context size and embedding choice.

The SKILLSPAN dataset is the most difficult,
as it requires understanding nuanced skill
mentions across various job contexts. gpt-
4o0-mini with OpenAl embeddings performs
the best with 75 context examples, but this is
still far from human-level annotation. At the
70B scale, gwen2.5-70B with either ST and
OpenAl embeddings outperforms 1lama3.1-
70B, while being comparable in the other settings.
Among 7B models, Qwen2.5-7B with OpenAl
embeddings significantly surpasses IL.1ama3.1-
8B. This suggests that embedding choice plays
a crucial role in skill extraction tasks. Notably,
the gap between human annotation and the
best-performing LLM is much larger in this dataset
compared to others, indicating that LLMs struggle
with skill-based entity recognition. This could
be due to the complexity of contextual skill
interpretation, requiring deeper domain knowledge
and better understanding capabilities.

To robustly evaluate the significance of the findings
presented in this section, statistical hypothesis
testing was performed on all reported results.
Initially, the Friedman test was used to rank
model accuracies across dataset runs and assess
the null hypothesis of model equivalence. This
was followed by Conover’s post-hoc test (Pereira
et al., 2015), with the outcomes illustrated in
Figure 2. This statistical test highlights a crucial
aspect: a trade-off when addressing the NER
task. Indeed, larger models, such as those with
70B parameters, may not necessarily offer better
performance than smaller models like Llama3.1-
8B-ST or Qwen2 . 5-7B. This implies that the extra
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Figure 1: Heatmaps of the F scores across four datasets. Blue denotes the lower F; score, whereas red
denotes the higher F; score achieved by fine-tuning the RoBERTa model directly on the gold labels.
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Figure 2: Critical difference diagram of average score ranks. Models with lower ranks perform better than
those with higher ranks, while models linked by a horizontal line have no statistically significant difference.

Labels are reported in the format “LLM — Size,

computational cost of larger models may not always
be justified, particularly if smaller models can
deliver statistically similar results.

Overall, the key insights are: (i) RAG-based
approaches improve annotation quality, with
gpt-4o-mini and OpenAl embeddings achieving
the best results. In contrast, ICL struggles
in datasets with sparse or ambiguous entities;
(i) while all models perform well on CoNLL-2003,
performance declines as entity structures become
more complex, such as in SKILLSPAN. This
highlights the urgent need to increase the use
of challenging datasets in evaluations; (iii) the
choice of embeddings for the retrieval of context for
LLMs plays a crucial role in annotation quality in
retrieval-based methods; (iv) larger models do not
always yield better performances. Qwen2.5-7B
slightly outperforms Llama3.1-8B and performs

if available —Embedding Model”.

comparably to 11ama3.1-70B when equipped
with suitable embeddings.  Furthermore, the
reasoning model DeepSeek-R1-32B-OpenAl
performs on par with significantly larger variants
such as Qwen2.5-72B. This suggests that model
architecture and training data significantly influence
annotation quality, beyond parameter count.

4.5. LLM Post-processing Results

NER is a highly sensitive task where maintaining
token-level alignment between model-generated
annotations and gold labels is essential. Even
minor misalignments, such as incorrect span
boundaries or misplaced tags, can lead to
significantly distorted evaluation metrics and
hinder downstream applications. This section
evaluates the structural reliability of different
LLMs by analyzing their adherence to the
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Dataset

Model
CoNLL2003 WNUT-17 GUM SKILLSPAN

gpt-4o0-mini 0.00 0.00 0.00 0.00
Qwen2.5-72B 0.33 0.15 1.45 0.74
Llama3.1-70B 0.89 1.97 1.61 2.15
DeepSeek-R1-32B 7.71 8.56 9.60 10.90
Qwen2.5-7B 3.02 0.78 1.33 0.56
Llama3.1-8B 7.02 9.75 10.16 4.27

Table 2: Percentage of examples discarded due to
structural inconsistencies in post-processing.

annotation format and task-specific constraints.
Specifically, the focus is on LLMs using RAG
approaches paired with OpenAl embeddings,
given the superior performance that emerged
from Figure 1. To enable fair comparison, the
structured output capability of LLMs is used to
ensure a consistent output schema. However, as
Table 2 shows, adherence to these instructions
varies considerably across models. The findings
indicate that larger models generally exhibit better
formatting consistency. Notably, gpt-4o0-mini
demonstrates perfect structural adherence across
all datasets with a 0% error rate. Among the open-
source models, the Qwen family consistently shows
low processing error rates and high fidelity to the
output format. In contrast, the 1.1ama models
frequently violate annotation conventions, resulting
in higher structural error rates, particularly on
datasets that contain more diverse and noisy entity
types. The DeepSeek-R1-32B model, despite
its large size, is optimized for reasoning rather
than structured generation. As a result, it does
not natively support format-constrained output,
requiring extensive manual cleaning.

4.6. LLM-generated Annotations Results

This section provides a detailed analysis of the most
frequent errors made by LLMs compared to human-
annotated gold labels. The focus is on LLMs using
RAG approaches paired with OpenAl embeddings,
given the superior performance that emerged from
Figure 1. The aim is to understand not only what
types of mistakes are common, but also why these
errors occur. The analysis focuses on fine-grained,
token-level insights across datasets, highlighting
consistent failure modes and their implications.

Table 3 compares the performance of various LLMs
against human-annotated gold labels, considering
Precision, Recall, F;, and Cohen’s k metrics. A
consistent pattern is that models tend to overpredict
entity spans, leading to high Recall values, but
negatively impacting Precision and F; scores.
CoNLL-2003 shows the highest overall scores, with
Qwen?2.5-72B achieving the best F; and k values.
The SKILLSPAN dataset is the most challenging
for all models because of its ambiguous SKILL

category. Despite this, gpt-40-mini performs
the best, though overall scores are still low.

The results underscore several trends. Cohen’s
k values closely mirror F; trends, reinforcing the
idea that annotation quality depends not only on
correctness but also on reliability. High & scores
— such as those for CoNLL-2003 — correlate
with clearer task definitions and stronger model
performance, while lower k scores in datasets,
like SKILLSPAN, reflect both the complexity of the
task and the divergence between LLM and gold
annotations. Together, these metrics provide a
holistic view of model behavior, capturing both
annotation accuracy and consistency.

Further analysis of token-level errors is presented
in Figure 3, which illustrates the most frequent
misclassification patterns across models and
datasets. The error percentage is calculated over
each entity. A prominent pattern is the frequent
mislabeling of non-entity tokens 0 as part of an
entity. For instance, in the CoNLL-2003 dataset,
a pattern is observed regarding the annotation
of non-entity tokens as part of a MISC entity —
specifically transitions from 0 to B-MIsc and 0 to
I-MISC. Among all evaluated models, gpt-4o-
mini shows the lowest error rate for this category
(7.4%), while .1ama3.1-8B exhibits the highest
(15.8%). This highlights the inherent ambiguity
of the MIsc label, which often includes loosely
defined categories such as nationalities, locations,
or organizations, making it more challenging to
disambiguate than more concrete classes like
PER Or LOC. Likewise, in the SKILLSPAN dataset,
it is visible that the highest error percentages
occur due to 0 tokens being misclassified as 1-
Skill and B-SKILL. These results indicate that,
despite clear instructions and contextual examples,
models continue to struggle with the consistent
identification of ambiguous entity types. The
WNUT-17 and GUM also show a similar trend.

When considering the adherence to structured
output formats, as discussed in Section 4.5,
another  intriguing  observation  emerges:
DeepSeek-R1-32B demonstrates relatively
strong performance despite exhibiting high
structural inconsistencies. This suggests that
strong general reasoning and task adaptation
capabilities can partially compensate for output
formatting issues. Most reasoning-focused models
currently lack native support for structured output*
generation; a critical limitation for tasks like NER
that require precise and consistent formatting.
Pairing these models with mechanisms enforcing
structured outputs could significantly enhance

*https://openai.com/index/
introducing-structured-outputs—in-the—-api
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Model CoNLL2003 WNUT-17 GUM SKILLSPAN
ode

Prec. Recall F; k Prec. Recall F; k Prec. Recall F; k Prec. Recall F; k
gpt-40-mini 86.70 89.42 88.04 90.99 42.68 78.45 55.29 61.09 50.70 60.05 54.98 59.24 21.42 4841 29.70 42.85
Qwen2.5-72B 84.43 94.60 89.23 91.63 34.37 79.98 48.08 56.32 47.71 60.92 5351 57.72 20.82 48.23 29.09 41.93
Llama3.1-70B 68.98 95.45 80.08 82.85 2249 79.29 35.04 41.96 4273 60.31 50.02 53.44 20.93 48.51 29.24 37.69
DeepSeek-R1-32B 78.53 89.82 83.80 87.34 40.29 7592 52.65 59.18 37.51 46.11 41.37 4586 19.79 46.25 27.72 41.39
Qwen2.5-7B 62.11 90.12 73.53 77.55 20.82 73.54 32.45 39.37 36.57 47.29 4125 46.42 8.36 54.65 14.49 27.29
Llama3.1-8B 68.28 95.99 79.79 80.67 17.61 77.16 28.67 31.94 39.05 52.51 44.79 48.49 7.97 13.45 8.80 25.29

Table 3: Comparison of LLM-generated annotations with gold labels. Bold indicates the highest values.

their performance, enabling them to leverage both
semantic reasoning and formal task adherence.

Overall, three key insights can be summarized.
First, current models rarely confuse entity types
— e.g., mistaking PER for L.oC — rather, they
frequently misidentify entity boundaries or generate
spurious entities. Second, the overprediction trend
underscores the importance of improving span-
level reasoning and boundary detection. Lastly,
despite the higher rate of post-processing errors,
the reasoning model’s performance suggests it may
compensate for its lack of structured output through
its reasoning capabilities.

5. Ablation Study

Tables 4 examine the influence of sample space
X and context M sizes on entity recognition
performance using the best-performing model,
gpt-4o-mini, on the SKILLSPAN dataset.
Increasing the context size from 25 to 75
generally improves the F; score, though
gains diminish beyond 50 examples. RAG
consistently outperforms ICL in Recall and F;
score, demonstrating its effectiveness in leveraging
external knowledge, while ICL achieves higher
Precision but lower Recall, suggesting a more
conservative prediction approach. At a 10%
sample space, ICL delivers competitive results,
but as it increases to 20%, RAG maintains a clear
advantage, achieving the highest F; score with
a context size of 75. Notably, for smaller dataset
splits, RAG exhibits greater variability, similar to
ICL, suggesting that when fewer examples are
available, their performances converge.

6. Conclusions and Future Work

This study evaluates LLMs for automated NER data
annotation through two main analyses. First, it
measures the practical value of LLM-generated
annotations by fine-tuning a RoBERTa model
and assessing downstream performance across
four datasets of varying complexity. Six LLMs
of different parameter scales are benchmarked,
alongside comparisons of embedding models
and context selection strategies. Second, an
intrinsic evaluation examines token-level metrics

531

Sample Context L

Space Size Precision Recall F Score

RAG
25 21.8341.22 56.9441 .17 31.53+1.18
10% 50 224411 30  56.4610.46  32.0711.13
75 22.8240.58 55.8241 40 32.3410.41
25 20.2641 55 54.46 13 .71 29.4541 29
20% 50 21.0010.81  57.4011.57  30.7410.86
75 22.6940.46 56.31+2.06 32.39+0.60

ICL
25 22.5741.49 48.7243.95 30.74+0.87
10% 50 23.6210.85  50.7311.33  32.21i0.67
75 23.1241 16 51.0944.19 31.7640.89
25 19.3541.57 45.83+£4.74 27.05+0.66
20% 50 22.0241 56 51.17+1.15 30.764+1.39
75 22.8941.11 49.7842.89 31.3240.99
Table 4: Comparison of RAG and ICL across

various sample spaces and context sizes on
SKILLSPAN dataset.

and agreement with human annotations, revealing
that LLMs often over-predict entity spans—favoring
Recall over Precision—and frequently make
boundary and spurious entity errors. Statistical
results indicate that well-tuned 7B models can
match the performance of larger ones, suggesting
potential for efficient NER annotation pipelines.

Future work will extend the analysis to additional
LLM families, NLP tasks, and specialized domains
such as medical NER.

Limitations

This study evaluates LLMs for data annotation
tasks and introduces a RAG-based approach
with different embedding models to enhance
performance on NER datasets. However, the
proposed work has several limitations that highlight
areas for future research. First, the experiments
focus solely on NER tasks. While this provides
a solid foundation for evaluation, extending
the analysis to other NLP tasks, such as
text classification or question answering, would
offer a more comprehensive understanding of
the proposed methodology’s applicability and
generalization. Second, for the proof of concept,
this work employs a naive RAG approach for
context selection. Indeed, the use of more
sophisticated techniques, such as adaptive retrieval
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Figure 3: Most frequent named-entity prediction errors across four datasets. Each heatmap shows the
percentage of each error type (gold label — predicted label) by model.

strategies, re-ranking mechanisms, or hybrid
approaches combining dense and sparse retrieval,
may further optimize performance. Third, this study
does not explicitly examine the biases introduced
by LLMs in the data annotation process. Given the
growing concerns about fairness and model biases,
a deeper investigation into how LLMs influence
annotation patterns, especially in underrepresented
datasets, could provide valuable insights.
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A Datasets Statistics

Table 1 of the main article highlights the complexity of entity mentions across different datasets, as
reflected in their average entity length. CoNLL-2003 and WNUT-2017 contain relatively short entities,
with average lengths of 1.60 and 1.73 tokens, respectively, indicating that most entities are single-token
mentions. In contrast, GUM exhibits greater complexity, with an average entity length of 3.15 tokens,
suggesting the presence of multi-token entities. SKILLSPAN is the most complex dataset, with an average
entity length of 4.72 tokens, implying more intricate entity structures that require advanced modeling
techniques for accurate recognition. Follows the entity information for each dataset.

CoNLL-2003 The CoNLL-2003 (Tjong Kim Sang and De Meulder, 2003) dataset consists of general
entity types: (i) PERSON ; (ii) ORGANIZATION; (iii) LOCATION; and (iv) MISCELLANEOUS. Entities in this
dataset typically follow structured patterns, making them relatively easier for LLMs to identify and classify.

WNUT-17 The WNUT-17 (Derczynski et al., 2017) dataset contains six categories of rare entities:
(i) PERSON; (ii) CORPORATION; (iii) LOCATION; (iv) CREATIVE_WORK; (v) GROUP; and (vi) PRODUCT.
This dataset is particularly challenging due to its noisy text, sparse entity occurrences, and limited labeled
examples per category.

GUM The GUM (Zeldes, 2017) dataset is a richly annotated corpus designed for multiple NLP tasks,
including NER. The dataset includes eleven distinct named entity types: (i) ABSTRACT; (i) ANIMAL;
(#ii) EVENT; (iv) OBJECT; (v) ORGANIZATION; (vi) PERSON; (vii) PLACE; (viii) PLANT; (ix) QUANTITY;
(x) SUBSTANCE; and (xi) TIME.

SKILLSPAN The SKILLSPAN (Zhang et al., 2022a) dataset is composed of a single entity type,
SOFTSKILLS, extracted from job descriptions. Unlike traditional entities, soft skills do not follow a fixed
syntactic or semantic structure, making them inherently ambiguous.

B Structured Output from LLMs

For a label-sensitive task like NER, getting a structured output from a LLM is a crucial step. In the
NER task, as defined in Section 3.1, each token in a sentence is tagged with a corresponding label.
Hence, preserving the token-label correspondence in the output is necessary for the LLMs. The most
recent LLMs are based on a decoder architecture that, while being suitable for sequence-to-sequence
tasks, encounters challenges when tackling the NER task due to the potential misalignment between
tokens and labels (Ul Haqg et al., 2024). In fact, recent studies on NER (Li et al., 2024; Liu et al., 2024;
Wang et al., 2023) have shown that the decoder architecture presents structural inconsistencies in the
output. Recently, OpenAl (OpenAl, 2023) released a feature for the latest GPT-4 based models, which
guarantees to follow the structured output format®. To address the token-label misalignment problem, this
study leverages the latest feature of StructuredOutput, released by OpenAl. However, it is important to
note that despite the inclusion of such features in the latest LLMs, including Qwen (Team, 2024b) and
Llama (Touvron et al., 2023) based models, they still exhibit inconsistencies in their output, unlike the
gpt-40-mini-2024-07-18.

C Complete Results

This section reports the model’s outcomes regarding the experiments performed in this study. Table 5,
Table 6, and Table 7 show the performance of models in terms of Precision, Recall, and F} score.
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Table 5: The F, score, Precision, and Recall, along with standard deviation, are reported on the test set. The values are averaged over five different random
initializations. Bold shows the highest value of F score in each split column-wise. “#EXx.” represents the number of context examples used, while “Baseline” refers

to the use of LLM with no context examples.

CoNLL2003 WNUT-17 GUM SKILLSPAN
#Ex. Method
P R F1 P R Fi P R Fi P R F1
Human 91.09:‘:0,49 93.17:‘:0,17 92.12:‘:0,33 65.21;{:2_32 47.48:(:183 54-93:l:1.67 55.07i0,31 61.86i0,44 58.26;{:0,19 54.30;&150 55.38:&175 54-79j:0.26
gpt-40-mini-2024-07-18
Baseline 64.6510.85 80.37+0.50 71.6640.41 47.3542.46 55.1812.84 50.8811.14 20.3245.26 13.9312.76 16.4213.34 11.0940.97 17.8342.02 13.594+0.52
ICL 76.484+0.43 82.06+0.35 79.1710.25 53.1843.22 52.2419.73 52.58 0.78 44.06+0.690 D2.0411.57 47. 711079 21.2341.46 45.26+1.72 28.86+1.24
25 RAG w/ST 84.481+1.04 88.9940.65 86.68+0.85 51.421263 50.98+152 51.1441.01  46.09+0.66 54.38+1.07 49.89+0.70 20.29+0.78 49.47+1.80 28.77+0.03
RAG W/OpenAI 87.3540.65 90.7140.34 89.0040.29 52.2642.24 49.7541.51 50.9340.03 47.0440.23 57.56+1.44 BL. 771066 21.2641.69 56.744+1.37 30.9141.94
ICL 79.7710.34 82.6410.49 81.1810.29 55.7512.80 49.53L3.07 52.3310.97 45.1210.82 54.3542.02 49.281 088 20.56+0.89 47.4212.01 28.6610.85
50 RAG w/ST 86.73+1.03 89.2910.84 87.9940.90 53.7443.02 48.74+4.44 50.9041.34 46.46171.34 55.4641.21 50.5641.29 22.2247 47 52.6041.41 31.2047 32
RAG W/OpenAI 87.43+0.48 91.3940.16 89.3610.27 56.5342.35 50.2942.64 53.14410.75 47.3240.92 D8.44411.91 52.281065 23.88+1.09 H4.2842.26 33.13+0.77
ICL 78.7441.02 83.17+0.55 80.89+0.66 51.90+4.29 52.85+1.05 52.2441.7¢ 44.4040.63 53.89+1.79 48.67+0.69 20.84+1.59 52.06+1.01 29.73+1.58
75 RAG w/ST 86.9110.31 89.2510.44 88.06+0.26 53.80+1.75 51.79+1.88 52.7310.80 47.2210.98 55.574+0.43 51.0510.60 21.39+0.87 52.85+1.10 30.4310.73
RAG w/OpenAl  88.07+0.35 91.444+0.28 89.7240.25 55.7244.92 51.7143.34 53.4310.54 47.0441.29 58.1941.18 52.02+1.15 24.6641.34 55.39+3.19 34.0640.88
DeepSeek-R1-Distill-Qwen-32B
Baseline 31.1941.27 63.054+0.63 41.7241.21 32.86+2.68 39.17+3.04 35.7042.47 9.834220 5.214281 6.3542.40 2.554053 4.2841.55 3.18+0.85
|CL 58.09:‘:176 80.28;&1‘37 67.39:‘:137 47.61;{:1,64 58.30:{:241 52.37;[:112 34.20:‘:170 44.86:[:1A41 38‘78:&109 20.15:&132 43.35:&047 27.49:‘:125
25 RAG w/ST 82.4811.86 88.01+1.36 85.1541.97 50.6242.77 55.76£1.50 53.0341.79 37.68+0.99 47.344+1.76 41.9410.90 22.33+1.87 47.93+1.53 30.4241.75
RAG w/OpenAI 82.9211.35 90.9940.45 86.76i0,69 51-24:I:2.61 56.78i2,12 53-79:l:0.63 37,68i1,38 51.33410.82 43-45:|:1.12 21-97:!:1467 53.0149.37 31 .04;‘;1,90
ICL 62.4640.87 80.2841.05 70.2640.58 49.644+3.03 58.264+2.77 53.53+1.74 34.204+1.04 46.4241.21 39.384+0.05 20.99+0.71 43.25+1.70 28.2440.38
50 RAG w/ST 81.46+0.69 87.92+1.06 84.564+0.63 52.65+3.07 55.46+2.71 53.90+0.55 38.57+0.64 48.964+0.99 43.1540.71 21.04+0.50 49.23+2.05 29.46+0.66
RAG W/OpenAI 85.50+0.97 90.70+0.19 88.02i0,47 54.1410.89 56.45+1.97 55-24:l:0.58 40.76+0.88 50.49+1 82 45-09:t0.96 24.42415 12 54.9515 43 33-72:t1.63
ICL 50.04+1.00 80.67+1.17 61.77+1.07 52.1742.72 52.0142.95 51.9840.85 33.61+1.99 44.3841.46 38.2141.25 21.634+0.82 47.70+£1.51 29.75+0.85
75 RAG w/ST 81.8541.49 87.57+0.75 84.61+0.07 53.114+1.17 54.221938 53.6210.02 38.63+1.08 49.76+1.65 43.48+1.01 21.2141.75 51.38+2.09 29.96+1.34
RAG w/OpenAI 84.87:(:()‘56 90.21;t0A31 87.46i0A38 55.95j:3.32 54.70;‘:1,01 55.26;[;115 38.16i1A69 50.61i1A32 43.50:5:1‘47 23.43i200 53.68:|:1A97 32.55:51‘74




(R 7%°)

Table 6: The F; score, Precision, and Recall, along with standard deviation, are reported on the test set. The values are averaged over five different random
initializations. Bold shows the highest value of F score in each split column-wise. “#EXx.” represents the number of context examples used, while “Baseline” refers

to the use of LLM with no context examples.

CoNLL2003 WNUT-17 GUM SKILLSPAN
#Ex. Method
P R Fi P R Fi P R F1 P R Fi
Human 91.09:(:()‘49 93.17:&0,17 92.12;&0_33 65.21i2,32 47-4811.83 5493:{:1.67 55.07:{:0_31 61.86;{:0_44 58.26:&0,19 54.30;&150 55.38i1,75 5479:{:0‘26
Qwen2.5-72B-Instruct
Baseline 26.9710.28 60.8041.25 37.36+0.30 16.4041.30 41.1941.23 23.4341.42 6.3240.21 27.464+0.97 10.2810.35 4.8910.41 13.7942.15 7.2110.69
ICL T4.57+0.79 83.57+0.82 78.81+0.30 45.5842.66 59.47+3.09 51.49+09.92 41.69+1.10 55.80+1.00 47.73+1.06 17.06+2.18 31.17+1.63 22.0145.13
25 RAG w/ST 81.87+0.72 89.90+0.46 85.69+056 46.55+2.70 45.68+1.43 46.06+1.33 47.79+1.05 60.15+0.99 53.26+0.89 18.2542.05 47.93+2.08 26.40+2 37
RAG w/OpenAI 84.81i1,16 91.68io_54 88.11i0A82 48.33i282 49.88i1A89 49-O5i1A86 47~16i0446 59-83i0.64 52~74i0.16 18.23i1,90 50.07i449 26.63i1A90
ICL 77.484+0.51 83.3440.53 80.3040.43 45.0441.78 59.3141.71 51.1741.16 44.3041.00 57.69+1.35 50.1241.14 17.5140.85 33.824+1.01 23.06+0.86
50 RAG w/ST 84.304+0.08 91.494+0.85 87.74+0.77 45.60+2.82 56.63+1.52 50.45+1.14 48.83+1.45 60.55+1.05 54.06+1.25 21.3241.82 55.79+4.56 30.84+252
RAG W/OpenAI 85.96+1.44 92.3240.30 89.024+0.66 48.664+2.91 57.0942.42 52.46411 93 47.33+0.81 61.234+0.44 53.38+0.63 23.44 4519 52.3242.82 32.35+9.54
ICL 77.50+0.68 83.60+0.74 80.43+0.67 52.1442.27 55.624311 53.7240.80 47.60+0.77 57.08+1.22 51.9140.80 20.8141.15 48.264+2.80 29.05+1.26
75 RAG w/ST 87.464+0.39 91.954+0.29 89.654+0.31 48.36+3.25 55.51+1.88 H1.58+1.04 50.2940.27 60.97+0.51 55.11410.17 20.9942.12 49.99+1.23 29.5245 10
RAG w/OpenAl  86.7740.54 92.0540.72 89.3440.61 48.5642.08 60.2241.52 53.7210.71 47.2441.27 60.3440.57 52.984+0.76 19.9540.74 50.74+1.47 28.6210.77
Llama3.1-70B-Instruct
Baseline 23.56+0.10 63.25+0.17 34.3340.15 16.35+0.74 54.654+0.42 25.16+0.84 6.44+0.08 27.79+0.35 10.46+0.13 3.5140.08 24.30+0.64 6.1440.12
ICL 73.5940.78 78.73+1.03 76.064+0.41 48.774+2.20 47.6645.18 48.004+2.14 18.264+2.80 41.83+0.98 25.344268 17.0440.52 45.86+2.86 24.844+0.95
25 RAG w/ST 83.1541.42 86.37+0.90 84.7210.54 36.68+1.32 49.1043.77 41.8940.99 43.09+1.10 50.88+2.31 46.63+0.80 19.6241 44 46.47 11,76 27.5511.21
RAG W/OpenAI 68.32+3.99 87.5041.82 76.65:{:2‘19 43.52i4,33 44.71j:3,86 43.82i1,29 42.46:|:1‘75 48.87i4,60 45.29:{:1_50 19.5941 59 42,16i1,49 26.73:|:1,65
|C|_ 76.13i1.12 76-79i1_24 76.44i0‘30 50-24i281 48.90i224 49-48i1408 35-67i1483 48.79i3,19 41.12i1,07 16.09i0,97 44-15i4A16 23.51i0,71
50 RAG w/ST 83.871+0.69 88.57+0.88 86.1510.28 42.9212 03 48.7942.99 45.57+0.76 43.76+1.50 50.2412.00 46.7310.49 17.6910.66 46.1114.63 25.50+0.54
RAG W/OpenAI 68.36+£1.53 89.0840.75 77.35+0.97 44.14+11.97 51.2840.94 47.3640.64 43.7042.43 49.7041.83 46.4511.40 18.3712.40 44.41 14,44 25.T7+1.75
ICL 74.9441.03 75.1541.03 75.0440.70 50.78+1.74 51.6942.43 51.1841.05 39.6241.64 47.88+3.05 43.30+1.39 17.5541.05 51.80+1.68 26.19+1.14
75 RAG w/ST 85.7040.60 89.0340.55 87.3310.23 47.4141389 51.3611.07 49.181161 45.84141.19 50.364+1.12 47.98 1068 18.87+1.35 51.1712.06 27.5211.18
RAG W/OpenAI 76.99;‘:1‘57 87.46:5:139 81.87:|:0467 49.43:(:427 48.16:(:599 48.39:5:217 44.46:|:0461 52~96j:1.65 48.3310.64 9-51:5:1‘55 47.74i3A51 15.83i2,47
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Table 7: The F, score, Precision, and Recall, along with standard deviation, are reported on the test set. The values are averaged over five different random
initializations. Bold shows the highest value of F score in each split column-wise. “#EXx.” represents the number of context examples used, while “Baseline” refers

to the use of LLM with no context examples.

CoNLL2003 WNUT-17 GUM SKILLSPAN
#Ex. Method
P R F1 P R Fi P R F1 P R Fi
Human 91.09;&0_49 93.17:&0,17 92.12:&0,33 65.21i2,32 47.48:(:183 54~93:t1.67 55.07:{:0_31 61.86;{:()‘44 58.26:&019 54~30:t1.60 55.38i1,75 54-7910.26
Qwen2.5-7B-Instruct
Baseline 21~79j:1.28 62.11:&0,44 32.24:&1,44 20~95:t2.83 44~08j:3\68 28.36:‘:3,17 3.27:‘:0,22 14.10:{:103 5.31:&0,37 5.41:&105 35.29i2,73 9-35j:1.58
ICL 70.2241.45 75.9641.49 72.95410.30 47.79+3.40 47.0249078 47.291163 28.314+1.01 44.0140.07 34.43+1057 14.1210.88 54.89+1.48 22.4441 .08
25 RAG w/ST 83.8140.67 89.681057 86.6410.45 37.821345 49.684312 42.814214 35.9041.86 50.0942.04 41.80+165 15.9910.38 55.0640.93 24.77+0.42
RAG w/OpenAl  84.0511.15 90.85410.31 87.3210.65 50.224343 41.751485 45.3011.73 34.6311.00 49.97+1.00 40.8910.52 20.4511.35 54.6044.83 29.67 11 .29
ICL 72.5541.01 78.5410.32 75421057 47.954318 49.361394 48.541951 33.5110.76 43.59+1.18 37.88 1056 15.1310.90 52.6412.98 23.4741.01
50 RAG w/ST 85.7840.69 90.2140.38 87.9410.43 52.144479 44.0043.95 47.414+0.49 39.384+1.31 49.8541.69 43.9710.44 17.3611.08 51.0642.65 25.87+1.02
RAG W/OpenAI 80.90+1.79 91.5540.36 85.89+1.13 41.9742.87 48.624564 44.7540.98 34.63+1.32 50.61+1.67 41.1141 40 18.1240.94 56.68+3.93 27.4110.73
ICL 81.3641.19 75.7241.00 78.43 1063 47.904576 47.784357 47.51411.97 34.2312.14 46.4041.10 39.3941.77 12.98171.17 51.2346.20 20.6841.81
75 RAG w/ST 86.54+11.93 88.40+1.15 87.441 087 52.39+1473 47171199 49.4811 30 40.1411.39 48.1511.09 43.7610.73 18.3410.46 46.3213.08 26.250.76
RAG w/OpenAl  81.67+1.51 90.9640.30 86.0640.88 48.7341.31 47.8542.49 48.2511.30 39.56+1.25 50.87+1.25 44.48 1055 14.0710.80 61.07+0.56 22.86+1.06
Llama-3.1-8B-Instruct
Baseline 22.98410.67 74.87+0.48 35.174+0.83 11.0642.70 36.38+10.40 16.88+4.16 6.9840.03 28.224+0.18 11.1940.05 3.0340.21 20.37+5.76 5.2240.32
ICL 63.8640.95 75.714+1.61 69.2640.69 35.944354 51.58 14970 42.231238 33.9541.97 41.74 1302 37.3941.85 12.4010.85 33.6346.65 17.9310.66
25 RAG w/ST 78.4411.18 86.1610.88 82.1110.86 36.821464 43.861722 39.384226 39.94192023 46.48 10.96 42.921120 14.9511.85 42.2516.45 21.8711.51
RAG W/OpenAI 69.03+1.02 86.41i2,27 76.73:{:1_02 32.834+3.20 48.82i7,41 38.8919.78 40-77:I:1.82 49~07:I:2.80 44.45 1054 12.1640.97 41.55i3,20 18.79i1,31
ICL 67.7841.48 76.794+0.69 72.0141.13 40.4941.76 48.8249.88 44.204+1.03 36.43+1.51 42.53 412,12 39.224135 12.9417 .13 35.4542.12 18.90+1.01
50 RAG w/ST 79.2913.86 86.8542.00 82.8211.41 40.041496 48.601426 43.5941.04 39.7311.81 46.5410.12 42.8110.99 15.13+10.96 47.1311.48 22.8810.99
RAG W/OpenAI 69.9811.50 87.0542.15 77.56+0.74 39.75+11.82 49.5341263 44.03+10.76 40.89+1.62 46.961227 43.661067 12.0941.18 42.63+£3.13 18.76+1.19
ICL 71.4449.02 T7.8642.41 74471100 39.13+1.16 48.70+2.37 43.35+0.84 34.33+1.207 41.3042.37 37.43 1053 13.37+1.12 37.8314.68 19.67+1.20
75 RAG w/ST 82.36492.15 87.69+1.70 84.9110.88 39.921209 50.341312 44.4210 59 41.1441.47 43. 711336 42.304157 12.77+0.10 45.3440.80 19.921¢ 0s
RAG w/OpenAI 74.58;|:2451 85.21:‘:0,99 79.51:[:102 41.85i2A52 47-17:‘:6,92 43.96i254 41.99i1,01 4613:‘:2‘68 43.91 10,93 10~42i0A96 49-98i3A64 17.22:5:1‘29




D AQualitative Analysis

This study broadly explores the efficacy of LLMs for data annotation tasks, considering different datasets
of varying complexity. From the heatmaps visible in Figure 1 of the main article, it is visible that the
performance of LLMs decreases as dataset complexity increases. The performance of LLMs on the
SKILLSPAN dataset is significantly lower than human annotation, suggesting that even the latest available
LLMs struggle to annotate data when the task is complex. For instance, soft skills lack clear or distinct
definitions, making the task more challenging. Similarly, the GUM dataset also poses challenges for LLMs
due to its entity diversity. On the other hand, in the case of the WNUT-17 and CoNLL-2003 datasets,
which consist of simpler entities, annotations are easier to extract for an LLM given its prior knowledge.
Furthermore, the quality of context in LLMs plays a major role, particularly in data annotation tasks, where
the RAG-based approach significantly outperforms its counterpart. Moreover, for simpler datasets, the
RAG-based approach achieves performance comparable to human annotation.

To gain better insights into the performance of the proposed RAG-based approach, Table 8 presents
the qualitative results for the SKILLSPAN dataset annotated by gpt—-40-mini. In this dataset, data
annotation performance remains far below human-level, suggesting that the LLM struggles to extract
sufficient information from the context examples when the task is difficult. From Tables 5, 6, and 7, it is
observed that LLM-generated annotations improve Recall, whereas Precision is compromised. Table 8
shows that in examples 1 and 4, the LLM incorrectly annotates soft skills that are not identified by human
annotators, whereas in examples 2 and 3, the annotations are nearly identical to human annotations. In
Example 5, the RAG-based approach performs comparably to human annotation, while both the baseline
and ICL fail to do so.

Table 8: Qualitative analysis of soft skills annotations on dataset samples using gpt-4o0-mini-2024-
07-18. The output of the best-performing model is reported. The highlighted texts in the first column are
gold labels, while those in the other columns are the corresponding LLM-generated annotations.

Ne Human Baseline ICL RAG

1. Very good understanding of test

automation frameworks.

Very good understanding of test
automation frameworks.

Very good understanding of test
automation frameworks.

Very good understanding of test
automation frameworks.

2. Must have excellent verbal and ~ Must have excellent verbal and ~ Must have excellent verbal and ~ Must have excellent verbal and
written skills being able to  written skills being able to  written skills being able to  written skills being able to
communicate effectively on both  communicate effectively on both ~ communicate effectively on both ~ communicate effectively on both
a technical and business level Zl;?r(t:hrllcal arlld blés'”ess level 3 technical and business level  a technical and business level
Ability to work under pressure ity to w.or ERCE] pr_essure Ability to work under pressure  Ability to work under pressure

- . to resolve issues affecting the - ; - .
to resolve issues affecting the ’ : to resolve issues affecting the  to resolve issues affecting the
production services. p -
production services. production services. production services.

3. Must have excellent work ethic ~ Must have excellent work ethic ~ Must have excellent work ethic ~ Must have excellent work ethic
and be detail oriented and be  and be detail oriented and be  and be detail oriented and be  and be detail oriented and be
able to work independently. able to work independently. able to work independently. able to work independently.

4. Technical Skills Core Java. Technical Skills Core Java. Technical Skills Core Java. Technical Skills Core Java.

5. You will work with the business  You will work with the business  You will work with the business ~ You will work with the business

to define requirements and
have excellent communication

skills to interpret these into
consolidated development
scopes.

to define requirements and
have excellent communication
skills to interpret these into
consolidated development
scopes.

to define requirements and
have excellent communication
skills to interpret these into
consolidated development
scopes.

to define requirements and
have excellent communication
skills to interpret these into
consolidated development
scopes.

E Token-level Assessment

This section presents example cases illustrating both agreement and disagreement between LLM-
generated annotations and human annotations. The examples are drawn from datasets annotated using
gpt-4o-mini, RAG, and OpenAl embeddings. For each dataset, four randomly selected examples
are visualized: two where the LLM and human annotations align, and two where they differ. Distinct
color schemes are used to represent different classes within the same dataset, allowing for clear visual
comparison.
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CONLL2003 Agreement
Example 1

5. Armstrong 81

LLM Annot.: O, B-PER, O
Human Annot.: O, B-PER, O

Example 2

The man was due to catch a flight to Nuku’ alofa in Tonga later on Tuesday .
LLM Annot.: 0,0,0,0,0,0,0,0, 0, B-L0¢, O, B-10¢, 0,0, 0, 0
Human Annot.: 0,0, 0,0,0,0,0,0, O, B-10¢, O, B-10¢, 0,0, 0, O

CONLL2003 Disagreement
Example 1
The poll of registered voters showed a shift in favor of the Democrat s in the elections
for House of Representatives , with 51 percent saying that if the vote were today
they would go for a Democrat and 41 percent opting for a Republican.
LLM Annot.:. 0,0,0,0,0,0,0,0,0,0,0,0, B-0rG, 0,0, 0, O, B-0ORG, I-0ORG,
I-0RrRG,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,B-0rG, 0,0,0,0,0,0,
B-ORG, O
Human Annot.: 0,0, 0,0,0,0,0,0,0, 0,0, O, B-MIsc, O, O, O, O, B-0RG,
I-ORG, I-0RG, 0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0, g-MIsc,O,O0,0,
0,0,0,B-MIsC, 0O

Example 2

Rifkind said it was for the home secretary (interior minister ) to act by
denying visas to participants if he felt there was reason to believe that they might
break the law .

LLM Annot.: B-PER, O, O, O, O, O, B—MIsc, I1-MIsc, O, B-MIsc, I-MIsc, O, O,
0,0,0,00,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0
Human Annot.: B-PER,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0, 0,0, 0,
0,0,0,0,0,0,0,0,0,0,0,0,0

WNUT-17 Agreement

Example 1

Bouncing my ass like thrs no tomorrow
LLM Annot.: 0,0,0,0,0,0,0
Human Annot.: 0,0, 0, 0,0, 0,0

Example 2

Made it back home to GA . It sucks not to be at Disney world, butits good to be
home . Time to start planning the next Disney World trip .

LLM Annot.: O, 0,0, O, O, B-location, 0,0, O, O, 0, O, 0O, B-location, I-
location, 0,0,0,0,0,0,0,0,0,0,0,0,0,0,B-location, I-location,
0,0

Human Annot.: 0,0, 0, O, O, B-1location, O0,0,0,0,0,0,0,B-1location, I-
location, 0,0,0,0,0,0,0,0,0,0,0,0,0,0, B-location, I-location,
0,0
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WNUT-17 Disagreement
Example 1
Via @travelmail sweden ’s ice hotel is celebrating its 25th season and is open
for business http://t.co/iE1QN8qEte #travel #tban
LLM Annot.: O, O, B-1location, O, B-creative-work, I-creative-work, O,
0,0,0,0,0,0,0,0,0,0,0,0
Human Annot.: O, O, B-1ocation, 0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0

Example 2

RT @Sexstrology : How many sagittarians does it take to change a lightbulb ?
The sun is shining , the day is young and youre worrying about ...

LLM Annot.: 0,0, 0, O, O, B-group, 0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,
0,0,0,0,0,0,0

Human Annot.: 0,0, 0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,
0,0,0,0,0,0

GUM Agreement
Example 1
That is a Category 3 storm
LLM Annot.: B-event, O, B-event, I-event, I-event, I-event
Human Annot.: B-event, O, B-event, I-event, I-event, I-event

Example 2

The 20th century however , marked the rapid development of Athens
LLM Annot.: B-time, I-time, I-time, O, O, O, B-abstract, I-abstract,
I-abstract, I-abstract, I-abstract

Human Annot.: B-time, I-time, I-time, O, O, O, B—abstract, I-abstract,
I-abstract, I-abstract, I-abstract

GUM Disagreement
Example 1
Also on Main St. is Metropolitan Plants , a haven for flower lovers ,
with a very large selection of products for gardeners
LLM Annot.: O,0,B-place, I-place,O,B-organization, I-organization,
O, B-place, I-place, I-place, I-place, I-place, O, O, B-object, I-
object, I-object, I-object, I-object, I-object, 0, B-person
Human Annot.: O,0,B-place, I-place, O,B-place, I-place,O,B-place, I-
place, I-place, I-place, I-place, O, O, B-object, I-object, I-object,
I-object, I-object, I-object, I-object, I-object

Example 2

For example , husbands are likely to laugh at jokes about wives and vice versa
; Purple basil is often grown for decoration , as well as its scent and
flowers

LLM Annot.: O, O, O, B-person, 0,0, O, O, O, B-event, I-event, B-person,
0O, O, O, O, B-plant, I-plant, O, O, O, O, B-abstract, O, O, O, O, B-
abstract, I-abstract, I-abstract, I-abstract

Human Annot.: O, 0, O, B-person, 0,0, 0, O, O, B-event, I-event, I-event,
0,000, B-plant, I-plant, 0,0, 0, 0, O, O, O, O, O, B-abstract, I-
abstract, O, B-plant
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SKILLSPAN Agreement
Example 1
Engineering degree ( Process Chemical or Mechanical ) .
LLM Annot.: 0,0,0,0,0,0,0,0,0
Human Annot.: 0,0,0,0,0,0,0,0,0

Example 2

Applications submitted through channels other than the online application form
below or applications which are not received by the application deadline will not be
considered .

LLM Annot.: 0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,
0,0,0

Human Annot.: 0, 0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,
0,0,0,0

SKILLSPAN Disagreement
Example 1
By introducing the latest technology we start building extremely
efficient even on high load the system of specialised engines .
LLM Annot.: O, B-skill, I-Skill, I-Skill, I1-Skill, O, O, B-Skill, I-
Skill, I-skil11,0,0,0,0,0,0,0,0,0,0
Human Annot.: 0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0

Example 2

The company appreciate their employees enthusiasm and work effort which
also means that your will to work is highly appreciated .

LLM Annot.: O, O, O, O, O, B-skill, O, B-Skill, 1-skill, O, O, O, O, O,
B-Skill, I-Skill, 1-skill, O, 0O, O, O

Human Annot.: 0, 0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0

F Statistical Significance Test

This study evaluated various large language models across multiple datasets, considering different
embeddings and examples as context. While some models clearly outperformed others in the results, the
differences in predictions might not be statistically significant for certain models. Therefore, to determine
the statistical significance of our findings, a non-parametric test is conducted. This test helps to assess
whether there are significant differences among the models and, if so, identify which models differ
statistically from each other.

The Friedman test (Pereira et al., 2015) is a non-parametric statistical test used to detect differences in
performance across multiple related samples — in this case, different models evaluated over multiple
datasets. It ranks the performance scores among datasets and assesses whether the rank distributions
differ significantly among models. Let N be the number of datasets, K the number of models, and R; be
the sum of ranks for each model j. The Friedman test statistic chiZ, which follows a chi-square distribution,
is calculated as follows:

k
X% = 12N > R} —3N(k+1). (1)

If the test statistic exceeds the critical value for a significance level o = 0.01, then the null hypothesis
should be rejected, indicating that there are significant differences in performance among the models.
If significant differences are found, the post-hoc Conover (Conover, 1999) test is performed to discover
pair-wise statistical differences among models while adjusting for multiple comparisons. This test evaluates
whether specific models differ significantly in performance.

Given that the Friedman test produces a test statistic of 119.69 with a p-value of 1.76 =17, the null hypothesis
is rejected, suggesting that at least one model shows a statistically significant difference in ranking.
Consequently, the post-hoc Conover test is performed. Figure 2 presents the statistical significance of
the model rankings, with significant pairwise differences highlighted accordingly. The x-axis indicates
the average rank of each model, where lower ranks closer to the left signify better performance. Each
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colored node corresponds to a particular model, labeled with its respective rank, while the black horizontal
bars connecting multiple nodes highlight groups of models that do not show statistically significant
differences at the specified confidence level. The top-performing combination is gpt 4omini-OpenAT,
with an average rank of 2.8, indicating it consistently outperformed other approaches. Other strong
performers include Qwen2.5-72B-OpenAI (4.2), DeepSeek-R1-Distill-Qwen-32B-OpenAT (4.3),
gpt—-40-mini-ST (4.9), and Qwen2.5-72B-ST (5.8). The models having lower ranks are clustered
towards the left. In contrast, L1ama3.1-8B-ICL (17), Llama3.1-8B-OpenAl (15), and Qwen2.5-7B-
ICL (14) have the highest ranks, suggesting they performed the worst in comparison. These models do
not overlap with the higher-ranked ones, highlighting their statistically inferior performance. Interestingly,
Llama3.1-8B-ST shows no statistical differences when compared to 11ama3.1-70B, whether using
ICL or RAG with OpenAl embedding. Similarly, Qwen2 . 5-78, when utilizing RAG with either OpenAl or
ST embeddings, exhibits no statistical differences compared to 11ama3.1-708 using ST embeddings
and Qwen2.5-72B using ICL. Likewise, DeepSeek-R1-Distill-Qwen-32B-OpenAIl demonstrates
comparable performance against larger variants such as gpt 4omini-OpenATI and Qwen2.5-72B. These
tests highlight a crucial aspect: a trade-off when addressing the NER task. Indeed, larger models, such
as those with 70B parameters, may not necessarily offer better performance than smaller models like
Llama3.1-8B-ST or gwen2 . 5-7B. This suggests that the additional computational resources required
for bigger models might not always justify their use, especially if smaller models can achieve statistically
similar results.

G Prompt

This section presents the prompts used to generate the responses of LLMs. These prompts are carefully
synthesized to encompass all the components required to get structured output for both: (i) baseline, and
(fi) in-context learning models.

It is important to note that the LLMs adopted in this work support large context windows (> 128K tokens ),
which enables the inclusion of the full prompt text, including all in-context examples, without exceeding
the maximum token budget, i.e., without triggering input truncation or omitting parts of the prompt. In
the experiments, the maximum number of in-context examples is 75, corresponding to approximately 500
tokens, which is therefore well within the available context window and ensures that the complete input is
always provided to the model.

Baseline Prompt Structure

Task Description

You are an advanced Named-Entity Recognition (NER) system.

Your task is to analyze the given sentence or passage, identify, extract, and classify specific named entities
according to the following predefined entity types:

« {labels}

For each sentence:
» Label each word in the text with the appropriate entity type if it matches the specified categories.
+ Extract multiple entities of the same class if they exist.

The output should be in valid JSON format, with each word and its corresponding label as shown below.
Follow the structure strictly and do not add any other explanation.
In entities, label the word exactly as in the text. All the text is case-sensitive.

Input
{input_text}
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Context Prompt Structure

Task Description

You are an advanced Named-Entity Recognition (NER) system.

Your task is to analyze the given sentence or passage, identify, extract, and classify specific named entities
according to the following predefined entity types:

* {labels}

For each sentence:
» Label each word in the text with the appropriate entity type if it matches the specified categories.
+ Extract multiple entities of the same class if they exist.

The output should be in valid JSON format, with each word and its corresponding label as shown below.
Follow the structure strictly and do not add any other explanation.
In entities, label the word exactly as in the text. All the text is case-sensitive.

Examples

{context_examples}

Input
{input_text}
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