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Abstract

Data annotation is an essential component of
the machine learning pipeline; it is also a costly
and time-consuming process. With the intro-
duction of transformer-based models, annota-
tion at the document level is increasingly pop-
ular; however, there is no standard framework
for structuring such tasks. The EffiARA an-
notation framework is, to our knowledge, the
first project to support the whole annotation
pipeline, from understanding the resources re-
quired for an annotation task to compiling the
annotated dataset and gaining insights into the
reliability of individual annotators as well as
the dataset as a whole. The framework’s effi-
cacy is supported by two previous studies: one
improving classification performance through
annotator-reliability-based soft-label aggrega-
tion and sample weighting, and the other in-
creasing the overall agreement among annota-
tors through removing identifying and replac-
ing an unreliable annotator. This work intro-
duces the EffiARA Python package and its ac-
companying webtool, which provides an acces-
sible graphical user interface for the system.
We open-source the EffiARA Python package
at https://github.com/MiniEggz/EffiARA
and the webtool is publicly accessible at
https://effiara.gate.ac.uk.

1 Introduction

Labelled data is the foundation of model training
and evaluating downstream tasks in machine learn-
ing models. However, data annotation is often
an expensive and time-consuming process, signifi-
cantly affecting the quality of model training. Ob-
taining annotations from experts is ideal, but this
expertise is often logistically and financially costly.
Crowd-sourcing platforms such as Amazon’s
Mechanical Turk!' and CrowdFlower (now Figure-
Eight)? provide a cheaper alternative by using non-
1https://www.mturk. com/

2https://www.appen.com/ai—data/
data-annotation

expert annotators; this generally results in lower
quality annotations with higher levels of inter-
annotator disagreement (Nowak and Riiger, 2010).
Effectively collecting, evaluating and managing
annotator disagreement is essential in addressing
challenges of data quality.

We introduce the EfiARA (Efficient Annota-
tor Reliability Assessment) framework, which sup-
ports annotation quality assessment and manage-
ment throughout the annotation process, allowing
users to:

* Distribute data points to annotators;

¢ Generate labels from the annotations of each
annotator;

* Assess agreement among annotators;
* Assess annotator reliability;

* Redistribute data points to obtain the desired
level of agreement;

* Generate aggregated labels at the data point
level, taking either a soft- or hard-label ap-
proach.

To our knowledge, no existing annotation frame-
work provides systematic support for annotator
workload allocation which can then be used to es-
timate the cost of the annotation project. This, in
addition to the set of functionalities surrounding
the annotation process, makes the EffiARA anno-
tation framework a unique solution for structuring
data annotation and modelling annotators.

Additionally, by aggregating annotators’ labels
for each data point, tempered by measures of an-
notator reliability, we can obtain a consensus that
better reflects the “true” label distribution. Anno-
tator reliability can also be used to dynamically
weight individual data points during model training
to ensure that the model prioritises reliable annota-
tions (Cook et al., 2025a).
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2 Related Work

2.1 Annotation Frameworks

There have been many attempts to formalise the
annotation process for a number of annotation
tasks and a range of tools are available. Many
frameworks focus on sequence-labelling tasks such
as POS tagging and named-entity recognition
(Bird and Liberman, 2001; Cornolti et al., 2013;
Bontcheva et al., 2013; Lin et al., 2019). More
recently, with the introduction of pre-trained LLMs
capable of document-level processing, document
annotation tools and frameworks have been created,
such as GATE Teamware 2 (Wilby et al., 2023).
INCEpTION (Klie et al., 2018; De Castilho et al.,
2024) handles various aspects of annotator man-
agement, including workload distribution, as well
as the annotation itself, with a customisable UI,
supporting span and document annotation. It also
enables active learning but does not aim to model
annotator or dataset reliability explicitly. A number
of annotation frameworks are task-specific, aiming
to provide a set of guidelines and tools for fol-
lowing them, for example event ordering (Cassidy
et al., 2014), biodiversity information extraction
(Liicking et al., 2022), and surgical video analysis
(Meireles et al., 2021).

2.2 Annotator Agreement

Agreement among annotators is often used to as-
sess the quality of a dataset. Commonly used
metrics include Scott’s Pi (Scott, 1955), Cohen’s
Kappa (Cohen, 1960), Fleiss’ Kappa (Fleiss, 1971),
and Krippendorff’s alpha (Krippendorff, 1970).
For each metric, there are various interpretations
and accepted agreement thresholds used to de-
termine the reliability of a dataset (Krippendorff,
2018; Landis and Koch, 1977). Obtaining datasets
where this agreement threshold is met, particularly
in scenarios with non-expert annotators such as
crowd-sourcing, is challenging and costly (Hsueh
et al., 2009; Nowak and Riiger, 2010).

2.3 Annotation Aggregation

Rather than ensuring acceptable levels of agree-
ment, many approaches use disagreement as ad-
ditional information, utilising it to understand the
subjectivity of particular data points or the reliabil-
ity of annotators.

The soft-label approach incorporates a level of
subjectivity into aggregated labels for each data
point and has been shown to improve both classi-

fication performance and model calibration (Wu
et al., 2023; Cook et al., 2025a). Popular meth-
ods of label aggregation include majority voting
(hard-label only), Dawid and Skene (1979), GLAD
(Whitehill et al., 2009), and MACE (Hovy et al.,
2013) for categorical data; these methods have been
implemented in Python as part of the Crowd-Kit
tool (Ustalov et al., 2021).

2.4 Annotator Reliability

Assessing annotator reliability can be used to as-
sess the quality of individual annotators and may
be used to understand the quality of data avail-
able, remove low-reliability annotators (Cook et al.,
2025b), inform the training of machine learning
models through aggregating soft labels with relia-
bility (Dawid and Skene, 1979; Wu et al., 2023), or
affect the loss function during training (Cao et al.,
2023; Cook et al., 2025a). There are different ap-
proaches to assessing annotator reliability, such as
learning through Expectation Maximisation (Cao
et al., 2023) or directly inferring the reliability of
an annotator from their agreement with others (Inel
et al., 2014; Dumitrache et al., 2018; Cook et al.,
2025a,b). Through impacting the generation of soft
labels, or directly impacting the training loss, more
information about which annotations are more trust-
worthy is provided, leading to more performant and
robust models. An alternative approach to assess-
ing annotator reliability involves comparing anno-
tators’ annotations to a set of gold-standard labels
(Barthet et al., 2023); this approach is often used
to filter out bad annotators. All three approaches
have been shown to improve model performance
on classification tasks when compared to methods
that trust each annotator equally.

3 EffiARA Python Package

The EffiARA annotation framework structures the
annotation process from start to finish. It distributes
samples to annotators, generates and aggregates
labels, computes inter- and intra-annotator agree-
ment, and assesses annotator reliability. A visual
representation of the EffiARA pipeline is provided
in Figure 1 and we describe each stage in detail
below. The framework has been implemented in
Python due to its extensive use in NLP research,
increasing its ease of use and integration.

The annotation pipeline is implemented as a set
of modular tools in the EfiARA Python package.
The source code is available at https://github.
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Figure 1: An overview of the EffiARA annotation pipeline, covering sample distribution, annotation, label generation,
agreement calculation, reliability estimation, and dataset compilation.

com/MiniEggz/EffiARA and the package has been
released on PyPi for quick installation: https://
pypi.org/project/effiara/. Documentation is
available here: https://effiara.readthedocs.
io.

The package relies on a number of core Python
libraries. Two fundamental libraries required by the
EffiARA framework are NumPy (Oliphant et al.,
2006; Harris et al., 2020) and pandas (McKinney
et al., 2011), used for efficient mathematical opera-
tions on arrays and the manipulation of data.

3.1 Sample Distribution

The first stage in the EfiARA pipeline enables
annotation coordinators to estimate resource re-
quirements: how many annotators are needed, how
much time is required from each annotator, and
how many samples can be produced, given the
time and number of annotators. Once resources
have been finalised, data points can be distributed
among annotators with the EfiARA distribution
algorithm, which ensures annotator agreement can
be effectively assessed (Cook et al., 2025a).

Both of these functionalities are implemented
in the SampleDistributor class. We first use
SymPy (Meurer et al., 2017) to solve for the miss-
ing variable in the resource-understanding equa-
tion introduced in Cook et al. (2025a) (Algorithm
1). We then use pandas to split the data into sep-
arate DataFrames for each annotator, with one
DataFrame containing left-over samples that may
be used later.

3.2 Data Annotation

The sample allocations obtained in the previous
step can then be used to assign samples to anno-
tators and complete the annotation process using
existing tools such as GATE Teamware 2 (Wilby
et al., 2023) or Amazon’s Mechanical Turk.

3.3 Label Generation

Label generation involves transforming raw annota-
tions obtained from annotators into numeric encod-
ings compatible with annotator agreement metrics
(such as Cohen’s Kappa, Fleiss’ Kappa, Krippen-
dorff’s alpha, or cosine similarity) and model train-
ing. These transformations may be at the individ-
ual annotator level (for example, transforming first-
and second-choice annotations into a categorical
distribution), or at the data point level (aggregating
annotations from multiple annotators).

As the exact transformations required are often
task-specific, the abstract LabelGenerator class
guides users to implement their own label genera-
tion code with three necessary methods:

e add_annotation_prob_labels is used to
represent each individual’s raw annotations;

* add_sample_prob_labels is used to aggre-
gate labels at the data point level, retaining
disagreement in a soft label approach;

* add_sample_hard_labels aggregates the
annotations into a hard label, through meth-
ods such as majority voting or taking the max-
imum probability label from the aggregated
soft label.

For annotator agreement calculations, only
add_annotation_prob_labels must be imple-

544


https://github.com/MiniEggz/EffiARA
https://github.com/MiniEggz/EffiARA
https://pypi.org/project/effiara/
https://pypi.org/project/effiara/
https://effiara.readthedocs.io
https://effiara.readthedocs.io

mented. To instantiate a class inheriting from
LabelGenerator, the user must provide a list of
annotator names and the label mapping: a dictio-
nary where the key is the value represented in the
DataFrame and the value is a numeric represen-
tation. This enables the extraction of individual
annotations and their representation as a distribu-
tion across the available classes.

We provide a number of preset label genera-
tors: the DefaultlLabelGenerator, for the cases
in which no special label aggregation is neces-
sary; the EffiLabelGenerator, mirroring the la-
bel generation and aggregation shown in Cook
et al. (2025a); the TopicLabelGenerator, for
multi-label tasks such as topic-extraction (Cook
et al., 2025b); and the OrdinallLabelGenerator,
used for ordinal annotation tasks where a num-
ber of features are labelled on a scale. With the
label_generator.from_annotations method,
the specific class inheriting from LabelGenerator
is instantiated from the raw annotations, requiring
no additional coding from the user.

3.4 Annotator Agreement & Reliability

Once labels for each annotation have been gener-
ated, inter- and intra-annotator agreement are cal-
culated using equations introduced in Cook et al.
(2025a). Annotator agreement can then be visu-
alised in a 2D or interactive 3D graph, where each
node represents an annotator and edges between an-
notators represent the pairwise agreement between
two annotators, with the value next to each node
representing an annotator’s agreement with them-
self. For cases with many annotators, where a graph
could be unwieldy, we also provide a heatmap visu-
alisation, where annotators are ordered by reliabil-
ity; note that intra-annotator agreement is displayed
on the diagonal. Examples of these visualisations
are given in Figure 2.

Using these agreement values, annotator relia-
bility can then be calculated, using a combination
of an annotator’s intra-annotator agreement and
average inter-annotator agreement, weighted by
an « parameter controlling the strength of intra-
annotator agreement from 0 to 1. The resulting
agreement values are centered around 1, enabling
the recursive inter-annotator agreement calcula-
tion from Cook et al. (2025a). The reliability
values can then be accessed and utilised, poten-
tially removing certain annotators from the anno-
tation process (Cook et al., 2025b). Reliability
scores may also be utilised in label aggregation
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Figure 2: Example agreement visualisations as (A) a
2D graph, (B) a heatmap, and (C) a 3D graph for six
annotators (annotations were synthetically generated).

(in a LabelGenerator) or used to weight the loss
function in model training (Cook et al., 2025a).

Annotator agreement and reliability is cal-
culated and stored in the Annotations class.
The Annotations class is instantiated with a
pandas DataFrame representation of the dataset, a
LabelGenerator object (which will be generated
using the LabelGenerator.from_annotations
function if no instance inheriting from
LabelGenerator is passed), an agreement
metric (defaulting to Krippendorff’s alpha), an
overlap threshold, and the reliability alpha.

On instantiating an Annotations class, the an-
notator graph (supported by the NetworkX library
(Hagberg et al., 2008)) is initialised with each an-
notator equally reliable. Intra-annotator agreement
is first calculated for each annotator node with
the calculate_intra_annotator_agreement in-
stance method, using data points each user has
annotated twice themselves. Inter-annotator agree-
ment is then calculated between each user, utilising
the overlap_threshold to decide whether there
is sufficient overlap between the two annotators to
assess agreement. Here, the pairwise_agreement
function is used as a common interface to the im-
plemented pairwise agreement metrics in the agree-
ment module. Python modules used to handle
agreement calculations include the Krippendorff
library (Castro, 2017) for Krippendorff’s alpha and
Scikit-Learn (Pedregosa et al., 2011) for Cohen’s
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Kappa and Fleiss’ Kappa. NumPy and pandas are
also used for vector calculations and manipulation
of the data to obtain pair annotations.

Once agreement has been calculated among
annotators and with themselves, annotator re-
liability is calculated with a recursive applica-
tion of the annotator reliability equation until
reliability values converge. To ensure conver-
gence, the calculated reliability values are nor-
malised to have a mean of 1 after each itera-
tion. Annotator reliability values can then be ac-
cessed through the get_user_reliability and
get_reliability_dict methods.

Inter- and intra-annotator agreement values can
also be easily accessed via the graph itself us-
ing the NetworkX API and the __getitem__
method of the Annotations class. The graph
and heatmap agreement visualisations shown in
Figure 2 utilise Matplotlib (Tosi, 2009) and
Seaborn (Waskom, 2021), and they are dis-
played using the display_annotator_graph and
display_agreement_heatmap methods respec-
tively.

The optional annotators and
other_annotators arguments for the heatmap
allow a user to display the agreement between one
set of users and another, with the default setting
comparing all annotators to one another. This may
be useful in cases where you already have a set of
reliable annotators or you have a gold-standard set
of annotations you would like to compare a set of
annotators to.

3.5 Sample Redistribution

In cases where a consensus must be reached on
a high proportion of data points, samples may be
redistributed among annotators to resolve disagree-
ment. The SampleRedistributor provides this
functionality. It functions very similarly to the
SampleDistributor with the additional constraint
that an annotator who has already annotated an indi-
vidual data point will not be reassigned it. Sample
redistribution can be done iteratively until the de-
sired level of agreement is reached.

The SampleRedistributor inherits from
the SampleDistributor class, overloading the
distribute_samples method, applying a round-
robin-style allocation using the EffiARA sample
distribution variables, ensuring that annotators are
not given samples they have already annotated.

3.6 Final Dataset

Once the desired level of agreement has been
reached, potentially with the aim of generat-
ing gold-standard labels in classification tasks,
the final dataset is ready, with annotations
tied to annotator identities, allowing for train-
ing strategies that utilise the expertise and re-
liability of individual annotators. Users may
utilise the concat_annotations method in the
data_generation module for assistance in merg-
ing annotations into the final dataset.

4 EffiARA Webtool

To make the functionalities of the EffiARA package
more accessible and quicker to use, we have also
released the webtool at https://effiara.gate.
ac.uk. The webtool allows non-technical experts
to run annotation projects and gain insights into an-
notator agreement and reliability with ease. Even
for those comfortable using the Python package,
the webtool provides a convenient interface for per-
forming tasks quickly. A system demonstration is
available at https://www.youtube.com/watch?
v=KcmQfPiskcY.

The webtool supports common tasks within the
annotation pipeline (excluding the annotation step
itself). Finer-grained control and more advanced
functionality can be achieved with the Python pack-
age, particularly through customisation of mod-
ules like the LabelGenerator. As the project is
open-sourced, technical users are able to make their
own modifications and run them as a local web-
application or make a pull request to add their
additional use-cases. The webtool source code
is available at https://github.com/MiniEggz/
EffiARA-webtool.

The application contains four main workflows:

» Sample Distribution. This workflow handles
all aspects of distributing samples from an
unannotated dataset, including understanding
the resources available. The sample_id col-
umn is added to each data point to allow re-
compilation after annotation.

* Annotation Project. This workflow is used
to generate an annotation project for specific
platforms. Currently, project generation for
GATE Teamware 2 (Wilby et al., 2023) is
supported. Future iterations may include other
platforms but this task is most likely solved
to some extent by the individual annotation
platforms.
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* Dataset Compilation. Once data annotation is
complete, this workflow allows the user to up-
load a ZIP file containing all annotation CSV
files. It supports users in renaming columns,
moving all reannotations under the correct
columns (beginning with re_) and into the
correct row (alongside their original annota-
tion of the data point), and merging the anno-
tations from different annotators to create a
final dataset ready for analysis.

* Annotator Reliability. With the compiled
dataset, users can analyse annotator reli-
ability. The user first selects their label
generator and they then have full con-
trol over the label mapping or they may
choose to generate it automatically using
the LabelGenerator.from_annotations
method. Users then choose the desired output:
any combination of outputting annotator
reliability, the annotator agreement graph
(in 2D or interactive 3D) and an annotator
heatmap. The workflow also offers a number
of options for calculating annotator reliability,
such as the agreement metric, the reliabil-
ity alpha, and the overlap threshold (the
minimum number of data points annotated
by both annotators to enable agreement
assessment); the workflow also offers display
configurations for the graphs.

The webtool is built upon the EffiARA Python
package and shares the same dependencies. It is im-
plemented using Streamlit (Khorasani et al., 2022)
and Plotly (Sievert, 2020) is used to create the in-
teractive 3D annotator agreement and reliability
visualisation. The zipfile and tempfile libraries
handle uploads and downloads, ensuring data is
deleted once processed.

5 Evaluation

5.1 Case Studies

Two previous works involving dataset creation have
annotated data following the EffiARA methodol-
ogy, creating RUC-MCD (Cook et al., 2025a) and
the Chinese News Framing dataset (Cook et al.,
2025b). Both studies provide support for the anno-
tation framework.

RUC-MCD. In the work introducing the Effi-
ARA annotation framework (Cook et al., 2025a),
utilising reliability scores in the label generation
and model training stages was shown to improve

classification performance. Applying a soft-label
approach, using TwWHIN-BERT-Large, assessing re-
liability with inter-annotator agreement only, intra-
annotator agreement only, and a combination of
both all improved classification performance. Clas-
sification performance increased from an F1-macro
score of 0.691 to 0.740 using the EfiARA relia-
bility scores calculated using a reliability alpha of
0.5. The dataset used in this study was of low-to-
moderate agreement, highlighting the framework’s
utility in datasets containing disagreement.

Chinese News Framing. This work utilises the
EffiARA reliability scores to identify unreliable
annotators during the annotation process, lead-
ing to an increased overall level of agreement
among annotators, which is highly indicative of
data quality (Krippendorff, 2018). By removing the
low-reliability annotator and replacing them with
an existing high-reliability annotator, the average
inter-annotator agreement (measured using Krip-
pendorft’s alpha) increased from 0.396 to 0.465.

5.2 Load Testing

To assess the usability of the application, we also
carried out load testing on the web application
when hosted locally on a laptop with an Intel i7-
6600U @ 3.400GHz and 16GB RAM, meaning
upload and download speed were not a factor. Sam-
ple distribution remains quick and responsive for a
large number of samples, taking less than a second
for datasets of 100,000 samples. Dataset compi-
lation and processing both scale roughly linearly
with respect to dataset size with the tool requiring
significantly longer to process datasets containing
as many as 100,000 data points. Datasets contain-
ing 10,000 data points and under require less than
one minute for dataset compilation and dataset pro-
cessing (including annotator reliability calculation
and visualisation rendering). The time taken for
each key action in the webtool can be seen in Ta-
ble 1. While running tasks that take longer, the web
application remains responsive.

6 Conclusion and Future Work

In this work, we introduced the EffiARA Python
package alongside an accessible web application
that provides a graphical interface to the EfiARA
annotation framework. EffiARA supports the de-
sign, compilation, and reliability assessment of an-
notation projects at the document level.
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Number of Sample Dataset Dataset
Samples Distribution | Compilation | Processing
500 ~0.06s ~3s ~3s
1,000 ~0.06s ~0s ~0s
5,000 ~0.10s ~30s ~25s
10,000 ~0.12s ~1m ~45s
100,000 ~0.5s ~10m ~7m 20s

Table 1: Processing time for each stage at varying
dataset sizes. Tests conducted running the webtool lo-
cally on a laptop with 16GB RAM and an i7-6600U @
3.400GHz.

Future development will focus on expanding the
range of supported annotation settings, optimis-
ing computational performance, and enhancing us-
ability based on user feedback. The package and
webtool will be actively maintained, ensuring they
remain usable and up-to-date with users’ annota-
tion requirements.

7 Limitations

EffiARA has been developed primarily to sup-
port document classification annotation, with the
flexibility to accommodate other annotation types.
While the design accounts for such flexibility, span
annotation functionality, for example, has not yet
been implemented and would require technical ex-
pertise to integrate. One key future addition may
include the integration of Krippendorff’s unitising
alpha (Krippendorff et al., 2016) for spans.

Some annotation tasks may require task-specific
label generators. Although the framework includes
preset label generators, less common tasks may
require further customisation. This may present a
usability barrier for non-technical users. We aim
to address this through future development and
community contributions of further task-specific
components.

While EffiARA has been tested in situations with
disagreement, it has been assumed that there is
a ground-truth label for each data point. Future
work will investigate the extension of EffiARA
to tasks where there may not be a single ground-
truth label, but potentially multiple subjective, and
equally valid, true labels.

8 Ethical Impact

As EffiARA is an annotation framework, it does
not pose direct ethical risks. Annotated data is
instrumental in training machine learning models,
including those that may be deployed in sensitive or
high-impact contexts. Users of the EffiARA annota-

tion framework should remain aware of the broader
ethical impact of their annotation projects and con-
sider them before undertaking such projects.
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