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Introduction

Every day, governments at all levels produce massive quantities of information in many
different file types and formats. Freedom of Information Act (FOIA) legislation requires
that much of this information be released either passively (on request) or actively, by
the respective agencies. This type of legislation allows citizens and journalists alike to
gain insight into the specific procedures of governments, obtain information relevant to
them, and, in a broader sense, to contribute to the functioning of a democratic society.
With the advent of digital technologies in recent years, most of this information is now
published online on government websites or other platforms.

For example, in the Netherlands, we have a Freedom of Information Act (called Wet
Openbaarheid Bestuur, WOB) since 1991, and a more general Open Government Act
(called Wet Open Overheid, WOO) since 2022. The implication is that citizens and
journalists can request information from their government, and that the government has
to provide the requested documents unless there are exemption grounds (such as privacy
or national security). In addition, the government has to proactively release documents
of an increasing number of document types, in particular those reflecting decisions of
the government of interest to citizens. Obviously, just the publication of this information
by the government is a major effort, due to the scale on which documents are created by
the government, and the number of different government agencies involved. At the time
of writing, the first and most important step, the publication of these open government
documents, has been implemented, but little thought has gone into what happens after
publication.

Collecting all the released open government documents in a single search engine,
allowing for the finding and (re)using of open government documents across different
branches of government, is a challenging task.! This requires harvesting open govern-
ment documents from over a thousand suppliers in the Netherlands alone. Due to a
lack of centralized creation and collection, the released documents often fail to meet
the FAIR data guidelines outlined by Wilkinson et al. [122]. First of all, even though
regulation exists regarding the type of documents that should be released, there are no

'In light of the increased digital publication of documents, the Platform Open Overheid (PLOOI) was set up,
with the intent of creating a single centralized platform containing the documents from all Dutch governmental
agencies, with the ability for users to search these document collections easily (https://www.overheid.
nl/help/plooi). Unfortunately, problems with the acquisition of the data and the creation of the search
engine have meant that the project was eventually scrapped in 2023 (https://www.digitaleoverheid.nl/
nieuws/plooi-gaat-verder-in-eenvoudigere-variant/).
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set standards on the metadata associated with these records. As such, there exists a
large variety in metadata across different organizations. Moreover, the quality of the
documents themselves is often poor, with for example little to no machine-readable
text, and often lacking information that allows for example visually impaired people to
interact with the data. All of these things combined mean that, although potentially a
valuable resource for citizens and research alike, in its current form, much of the data
published online by government agencies has very limited usefulness.

In an ideal scenario, we could address these problems at the source, creating stan-
dardized procedures for the publication of documents and their metadata, and having
quality control mechanisms in place to guarantee high-quality data, interoperable be-
tween different suppliers. However, the sheer number of suppliers involved means that
this is not a short- or midterm solution, and that repairing document inadequacies after
publication is currently the most viable solution.

To investigate an immediate solution, this thesis addresses the task of improving the
quality of government documents by developing and evaluating post-hoc processing
techniques that help improve the Findability, Accessibility, Interoperability, and Re-
usability (FAIRness) of these documents. This is a key step towards realizing the
potential of open government information to journalists and citizens alike, thereby
improving government transparency and democratic control.

1.1 Research Outline and Questions

The core focus of this thesis is on developing and evaluating methods for improving the
quality of released government information, such that these documents adhere to FAIR
data principles. As such, the work is focused on the following main research question:

Main Research Question Can we develop enabling technology to improve FOIA doc-
ument quality at scale, and how do we evaluate the quality of these extreme
document clustering and segmentation tasks?

Specifically, the thesis deals with page stream segmentation of complex dossiers into
individual documents and redacted text detection to benefit downstream page segmenta-
tion and OCR output. Both these document engineering tasks are extreme clustering
tasks, requiring us to critically revisit existing evaluation measures for page stream- and
image segmentation. The thesis consists of two parts, exploring the development and
evaluation of these methods in Parts I and II, respectively.

1.1.1  Document Processing Technology (for FOIA Documents)

The first part of the thesis is focused on developing techniques to improve document
quality, with the aim of making the documents more usable for researchers and citizens
alike. As such, we pose the following objective:

Key Objective 1 To develop effective document processing technology for FOIA doc-
uments.
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We focus on developing automatic processing techniques for two common document
processing tasks: page stream segmentation and the automated detection of redacted text
in FOIA documents. Having surveyed the efficacy of different techniques for both tasks,
we then use the best-performing models for these tasks to aid in the construction of a
large-scale dataset of Dutch FOIA documents that adheres to the FAIR data principles
outlined before. This leads to the following three chapters.

Chapter 2 is concerned with the task of Page Stream Segmentation (PSS), and how
Machine Learning methods can be used to automate part of this task. The task of PSS
deals with the segmentation of streams of (digitized) pages into the original source
documents. This concatenation of documents is a frequent artifact of document scanning,
and it can have adverse effects on downstream tasks that rely on cleanly separated
documents as input. Many different approaches have been suggested throughout the
literature, often differing in the modality used (images, text or both) or the view of
the task (binary- or sequence classification). In an attempt to obtain a comprehensive
overview of the performance of current models and approaches, this chapter poses the
following research question:

RQ1 What is the efficacy of methods from Machine Learning for the task of Page
Stream Segmentation?

In order to answer this question, we construct a benchmark consisting of two large
public datasets originating from Dutch FOIA documents and evaluate four different
groups of algorithms. We evaluate these groups both in an in-distribution setup, where
a model is trained and tested on data from the same dataset, as well as an out-of-
distribution setup, where one dataset is used for training and another is used for testing.
In addition, we explore several strategies for model combination in an attempt to
increase model performance. Our experiments show that a neural network trained
using a page-classification scheme performs best, where a multimodal approach is best
for an in-distribution setup, and a method based on only textual data is best for an
out-of-distribution scenario.

Chapter 3 deals with another part of document digitization, namely the detection of
redacted text. Many documents, and in particular documents released through FOIA
legislation, may contain sensitive information that has to be redacted before release in
order to protect the privacy of the concerned individuals or organizations. Being able to
detect the locations of these redactions within a page automatically has several uses,
including aiding text-to-speech tools in handling redacted pieces of text or in providing
an accurate estimation of the amount of redaction in a document collection.

The detection of redacted text has not been investigated extensively in the literature,
but the task can be seen as a particular instance of image segmentation, for which a
variety of methods have been proposed. In order to provide a preliminary overview of
the usage of neural image segmentation methods for this task, we pose the following
research question:

RQ2 What is the efficacy of neural image segmentation methods for the large-scale
detection of redacted text?
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We answer this research question by constructing an annotated dataset of documents
containing redactions and comparing a rule-based model using morphological operations
with two state-of-the-art models for image segmentation. In order to accurately mimic
the conditions of a real-world scenario, we also evaluate the models on documents
that do not contain any redactions. Our experiments show that both neural methods
significantly outperform the rule-based method in their ability to detect redactions, as
well as producing fewer false positives when presented with documents containing no
redactions.

Chapter 4 is a culmination of the previous two chapters, and discusses the creation of
the Woogle dataset, a large-scale collection of Dutch FOIA documents collected from
over a thousand suppliers in the Netherlands. The dataset includes the results from the
best performing methods for PSS and the detection of redacted text from Chapters 2
and 3, as well as the usage of other off-the-shelf automatic techniques for enhancing
the document and metadata quality of the collection. Since the creation of such a large
collection of FOIA documents is an involved task with many moving parts, and this
project aimed to evaluate how feasible this goal of having a central platform with these
documents really is, we posed the following research question:

RQ3 What lessons can be learned from a Living Lab of FOIA documents?

This chapter provides an overview of the dataset created and the results of some of the
algorithms developed in the previous two chapters on this large collection of documents.
Although the results in the paper show part of the outcomes, it is also clear that the
digitization of a large corpus is very intricate, and that many problems have to be
addressed before such a corpus is ready for usage in more sophisticated applications,
such as usage with Large Language Models or Information Retrieval systems.

This part developed a range of document processing technology for FOIA documents
and demonstrated their effectiveness on the Woogle dataset. This makes an important
contribution to improving access to FOIA documents at scale, and how relatively
simple, off-the-shelf tools can be used to effectively address problems with released
FOI documents.

1.1.2 Evaluation of Extreme Document Segmentation and Clus-
tering

Both page stream segmentation and the detection of redacted text we covered in Part I
can be seen as clustering tasks, and as such metrics from this domain could be used to
measure their performance. The second part of the thesis goes into more detail about
the evaluation aspect of extreme document segmentation and clustering tasks, and poses
the following objective:

Key Objective 2 To Evaluate Extreme Document Segmentation and Clustering Tasks.

However, there is a large set of possible metrics, based on different principles, making
it difficult to select a single metric for evaluation, and there is little agreement in the

4
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literature on the best evaluation metrics to use for different tasks. We address these issues
by investigating two commonly-used clustering methods: BCubed for text clustering,
and PQ for image clustering/segmentation, and conclude with an evaluation of these
and other metrics on the task of text segmentation. This leads to the following three
chapters.

Chapter 5 starts with an in-depth investigation of the BCubed metric [5], an element-
wise clustering metric that has seen widespread usage. Although intuitive at first glance,
there are several desirable properties that the metric lacks, such as its inability to assign
a zero score to clustering predictions that are completely incorrect. As such, we pose
the following research question:

RQ4 Can the BCubed metric be repaired in such a way that its shortcomings are
addressed while still maintaining its desirable theoretical properties?

We answer this question in the affirmative by proposing ELM, a variation on the BCubed
metric, and by comparing the two metrics both theoretically and empirically. We first
compare both metrics on a synthetic dataset, comparing the distributions of scores, and
evaluate their differences when used to rank a set of hypothesized clusterings against
a true clustering. We continue with a comparison of both metrics on a real-world text
segmentation dataset, and finish up with a theoretical proof that our proposed repair still
satisfies the clustering metric constraints posed by Amigo et al. [3]. The experimental
results show that the ELM metric closely matches the distribution of scores attained by
BCubed but has the ability to generate different systems rankings, while maintaining
the desirable properties of the original formulation.

Chapter 6 is concerned with the Panoptic Quality metric, a segmentation metric that
was originally developed for Computer Vision tasks by Kirillov et al. [60] but that,
due to its versatility, is also applicable to clustering problems in general. The metric
provides a means of evaluating object detection methods by imposing a partial bijection
over the clusters in the true and hypothesized sets, by requiring the number of common
pixels in the overlap of two clusters to be larger than the number of unmatched pixels of
both clusters. Although the choice of threshold seems natural, it is not the only possible
way to create one-to-one mappings between true and hypothesis segments, and a more
general mapping may exist that is better suited for measurements. As such, we propose
the following research question:

RQS5 Is there an objective mathematical criterion for defining a matching function that
ensures a one-on-one mapping between two sets of (non-overlapping) clusters?

We answer this research question in the affirmative by theoretically proving that such
a matching definition indeed exists, and that it is most general. We conduct a set
of experiments on three image segmentation datasets using a set of state-of-the-art
segmentation models, and compare the original definition of Panoptic Quality with the
version that includes the more general matching condition. The experimental results
show that although the distribution of scores for both metrics closely matches, the
version of the metric with the altered matching condition yields more True Positives
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than the original definition. As such, this metric could be preferable over the original
definition of Panoptic Quality in cases where a high recall is required, such as in-person
detection for self-driving cars, at the cost of slightly less closely matching clusters.

Chapter 7 Although the metrics discussed in Chapters 5 and 6 can be applied to a
wide range of clustering tasks, our focus is on their application to text segmentation
tasks, as this is a recurring task in document digitization. As with many other clustering
tasks, there exists a large number of metrics for the task, with little to no consensus on
the most appropriate one. To gain an insight into the advantages and disadvantages of
different types of evaluation metrics, we pose the following research question:

RQ6 What is the most appropriate type of metric for the task of text segmentation?

To answer this research question, we evaluate three different families of evaluation
metrics both empirically and theoretically, where we focus on specific properties of the
evaluation metrics, such as their ability to differentiate between different predictions
and their ability to assign partial credit to semi-correct predictions. Our experiments
show that of the three different families of metrics evaluated, the family of metrics that
compute segmentation quality based on segment-level comparisons of the ground truth
and prediction behaves most consistently throughout our experiments, having the most
favorable properties under different experimental conditions.

This part evaluated the quality of evaluation measures for the document segmentation

and clustering tasks, and proposed novel measures better capturing the quality of
document processing technology for FOIA documents.

1.2 Main Contributions

In this section we give a brief overview of the contributions made in the thesis, catego-
rized into theoretical, empirical and artifact contributions.

Artifact Contributions

* A benchmark for the task of Page Stream Segmentation, consisting of two datasets
of concatenated documents annotated with document boundaries, which we
use to evaluate different approaches to the task of Page Stream Segmentation
(Chapter 2).

* A dataset of Dutch decision letters to FOIA requests, with bounding box annota-
tions of redactions, which we use to develop and evaluate three algorithms for the
automatic detection of redacted text (Chapter 3).

» The Woogle dataset, consisting of Dutch FOIA documents acquired from over a
thousand suppliers, processed using the methods developed in Chapters 2 and 3
to more closely adhere to the FAIR data principles (Chapter 4).
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Empirical Contributions

* A comparison of different approaches to the task of Page Stream Segmentation in
realistic conditions, where in addition to the traditional setup, model performance
is evaluated on data not from the original training set (Chapter 2).

* A comparison of three different models for the automatic detection of redacted
text in Dutch FOIA documents, including an analysis of the behaviour of these
models when presented with documents without redactions (Chapter 3).

* A comparison of the BCubed metric with the ELM metric, both on synthetically
generated data as well as on one of the Page Stream Segmentation datasets from
Chapter 2 (Chapter 5).

* A comparison of the Panoptic Quality metric with our proposed metric with
an altered matching criterion, on three commonly-used datasets for instance
segmentation in images (Chapter 6).

* An empirical comparison of three paradigms of evaluation metrics for the task of
text segmentation, with comparisons on both synthetic datasets as well as on one
of the Page Stream Segmentation Datasets from Chapter 2 (Chapter 7).

Theoretical Contributions

* ELM, an adaptation of the BCubed metric that has favorable properties compared
to the original metric formulation (Chapter 5).

* A more general matching condition for the Panoptic Quality metric that maintains
a one-to-one mapping of predicted and gold standard items, while being more
general than the original metric (Chapter 6).

1.3 Thesis Overview

In this section we provide a brief overview of the contents of the thesis and give some
directions on the reading order.

The main aim of the thesis is to develop enabling technology to improve FOIA
document quality at scale, and to evaluate the quality of these extreme document
clustering and segmentation tasks. The thesis consists of eight chapters, including the
introduction and conclusion chapters, and the research is divided into two parts.

Part T aims to develop effective document processing technology for FOIA doc-
uments, with Chapter 2 discussing suitable algorithms for the task of Page Stream
Segmentation, and Chapter 3 providing a study of neural image segmentation methods
for the automatic detection of redacted text in FOIA documents. Part I concludes with
the creation of the Woogle dataset in Chapter 4, a large-scale collection of digitized
documents and a testbed for the methods developed in the first two chapters.

Part IT aims to develop effective evaluation of extreme document segmentation and
clustering tasks. Chapter 5 details changes made to the BCubed clustering metric to
address some of the shortcomings of this metric, and Chapter 6 discusses an adaptation

7
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of the Panoptic Quality metric developed by Kirillov et al. [60] to use a more general
matching condition. Part II is concluded by Chapter 7, which surveys three different
families of evaluation metrics and determines their advantages and disadvantages when
applied to several text segmentation tasks.

1.4 Origins

The chapters in this thesis are based on the following papers:

Chapter 2 is based on the following papers:

* R. van Heusden, J. Kamps, and M. Marx. OpenPSS: An open page stream
segmentation benchmark. In Linking Theory and Practice of Digital Li-
braries: 28th International Conference on Theory and Practice of Digital
Libraries, TPDL 2024, Ljubljana, Slovenia, September 24-27, 2024, Pro-
ceedings, Part I, pages 413-429. Springer, 2024. doi: 10.1007/978-3-031-
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OpenPSS: An Open Page Stream
Segmentation Benchmark

Even though an increasing number of FOIA documents are now born digital, a significant
number of published FOIA documents are still scanned-in copies of documents. When
scanning in documents, it is common practice to scan multiple documents consecutively,
to save time. The downside of this is that the output is a large PDF file without marked
document boundaries, which has negative consequences for downstream applications
such as a search engine, where neatly separated documents are often required.

In the literature, where this task is usually referred to as Page Stream Segmentation
(PSS), several different models have been developed. However, a lack of publicly
available training and evaluation data, in part due to the fact that much of the research
is done on in-house datasets of companies, has meant that comparing these different
models is rather difficult. In particular, the robustness of different models to out-of-
distribution data has not been systematically evaluated. This is of particular importance
to us, since the large number of different suppliers of FOIA documents means that a
model should be able to handle differences in document layout, structure, language
usage, and so on.

In order to create a clear overview of the efficacy of several common approaches
based on Machine Learning, and to investigate their robustness in the scenario of
out-of-distribution data, we pose the following research question.

RQ1 What is the efficacy of methods from Machine Learning for the task of Page
Stream Segmentation?

In order to answer this question we have created two large segmentation datasets
based on Dutch FOIA requests, containing both textual- and visual representations of
pages, and we measure the performance of models from four different groups of models,
using evaluation metrics on both the page- and document level.

This chapter was published as: R. van Heusden, J. Kamps, and M. Marx. OpenPSS: An open page
stream segmentation benchmark. In Linking Theory and Practice of Digital Libraries: 28th International
Conference on Theory and Practice of Digital Libraries, TPDL 2024, Ljubljana, Slovenia, September 24-27,
2024, Proceedings, Part I, pages 413—429. Springer, 2024. doi: 10.1007/978-3-031-72437-4_24. URL
https://doi.org/10.1007/978-3-031-72437-4_24.
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We evaluate the models both in an in-distribution setting, as well as the out-of-
distribution setting, where a model is trained on one dataset, and tested on another
dataset, in order to measure the robustness of these models when present with data from
a different source.

Our results show that the group of neural models that operate under a binary classi-
fication scheme obtain superior performance, and that in the case of model performance
on out-of-distribution data, a model that relies solely on the textual information con-
tained within a document yields the best results.

2.1 Introduction

Through the advent of modern technologies such as the Internet, users can have access
to vast amounts of information, including information contained in documents that
were previously only accessible as physical records. This development has captured
the interest of many companies and institutions, who are now starting to digitize their
physical records to promote access to their collections. Examples of this include the
digitization of library archives, and the online publication of legal records and court
proceedings [18, 46, 121]. One of the steps in the digitization process concerns the
scanning of documents into electronic formats such as PDF files, so that they can
be published online. In practice, documents are often scanned in consecutively for
convenience, resulting in large PDF files consisting of multiple documents. Although
this might seem innocuous, this practice can have severe consequences on downstream
tasks, such as when incorporating these documents in a search engine. As the atomic
units in search engines are often documents, if an index of the collection is built using
concatenated documents, it is possible that relevant documents are not scored properly
as they might be contained within longer documents overshadowed by irrelevant content.

Although work has recently been done on applying state-of-the-art machine learning
techniques such as BERT [33] and LSTM [55] models to the task of PSS [18, 46, 121],
the comparison of the efficacy of these models is complicated, as most models are
evaluated on private datasets with differing evaluation setups. Moreover, the few
datasets that are publicly available are either small in size or lack the presence of both
the text and image of the pages, making comparisons across methods that use different
modalities difficult. This problem is compounded by the fact that there is no clear,
standard evaluation setup for the task, but that different evaluation metrics are used
depending on the type of approach taken or the intended downstream task.

In an attempt to mitigate the aforementioned issues and provide a clear overview
of the field, we present the OpenPSS benchmark, consisting of two large PSS datasets
acquired from Dutch Freedom of Information Act (FOIA) requests. We use these
two datasets to evaluate a wide range of approaches discussed in the literature using a
uniform set of evaluation metrics, and explore various aspects of the PSS task, such as
model ensembling and the robustness of various methods to out-of-distribution data.

The main contributions of this work can be summarized as follows: (1) We release
the OpenPSS benchmark, consisting of two large annotated datasets with both the
images and text of pages. (2) We provide an extensive overview of the performance of a
multitude of segmentation models and methods, including different model ensemble
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strategies and the robustness of the models on out-of-distribution data. (3) We provide a
brief analysis of the practical implications of applying a PSS method to split documents
for use in a search engine.

The rest of the chapter is organized as follows. Section 2.2 introduces the related
work regarding several aspects of page stream segmentation and the current state-of-
the-art. Section 2.3 discusses the construction of the dataset and the different tasks and
approaches used in this chapter. Section 2.4 presents the main results of the conducted
experiments, followed by an analysis of the results when applied in the setting of a
search engine in Section 2.5. We finish with a discussion and conclusion in Sections 2.6
and 2.7.

2.2 Related Work

2.2.1 Page Stream Segmentation

The task of PSS can be seen as a particular instance of the broader fields of Stream
Segmentation or Information Segmentation, which involve segmenting information from
various modalities into either semantically, topically or syntactically coherent units.
Within these broader fields, the field of text segmentation is most closely related, as
it deals with the segmentation of textual units of various granularities, and methods
developed for text segmentation problems can often be readily transferred to be applied
in PSS. As such, methods such as Support Vector Machines (SVMs) and Multilayer
Perceptrons combined with word embeddings have been used in early approaches to the
task [8, 30, 49, 78]. Most of these papers approach the task as a binary classification
task, where the model is tasked with, for each page, determining whether or not it starts
a new document, with pages represented as a set of word embeddings, TD-IDF vectors,
or some other textual representation.

With the introduction of modern neural machine learning algorithms such as BERT
and VGG16, the performance on the PSS task has increased significantly, although the
general approach of binary classification on pages has remained the same. In contrast to
text segmentation, PSS methods usually have the images of the pages available, and
therefore models from computer vision (such as VGG16) can also be applied to the
task. Wiedemann and Heyer [121] introduce a neural segmentation model based on
convolutional neural networks to segment page streams, classifying each individual
page. Separate models are created for both the text and image of the pages (using word
embeddings for the text domain input) and their performance is compared. The methods
are compared using the Tobacco800 [2, 68] dataset and the private Archive26K dataset.
The models are evaluated using page-level precision, recall and F1 scores, and all of
them outperform baselines based on SVMs. Experiments with combining both the
image- and text models showed that the combination of the modalities yielded the best
performing model on both datasets. Later work by Braz et al. [18] also adopted this
binary classification approach, but instead focused only on the image domain. Using
the EfficientNet [97] architecture instead of a VGG16 model they improve upon the
scores of Wiedemann and Heyer on the Tobacco800 dataset. In a similar vein, Guha
et al. [46] replaced the text model from Wiedemann and Heyer with a BERT model, and
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report improvements for both the uni-modal setting as well as the performance of an
ensemble containing the BERT model and a VGG16 model on the page-level precision,
recall and F1 scores.

Although recent developments in PSS have mostly focused on binary classification
of pages, several text segmentation methods instead treat the segmentation task as a
sequence labeling task, where a complete sequence is inputted, and the model outputs
predictions for each input simultaneously. One of the first to use this approach were Her-
nault et al. [53], who used conditional random fields for discourse segmentation and
outperformed several methods that were state-of-the-art at the time, including SVMs.
Later papers have tried different methods [63, 77, 119], with for example Koshorek et al.
[63] introducing a model based on the LSTM architecture and evaluating their method
on WIKI-727K, a dataset consisting of Wikipedia articles, where the task is to separate
the different sections of a Wikipedia article. Although the granularity of segmentation
is different for PSS, i.e. pages instead of sentences or paragraphs, the basic principle
remains the same, and thus this technique can also be applied to the task.

2.2.2 Other Datasets

Although most PSS datasets are private, two public datasets are available, namely the
Tobacco800 [127, 128] and Al Lab Splitter [18] datasets. The Tobacco800 dataset
consists of a single stream of 800 documents, totaling almost 1300 black-and-white
pages, and consists of documents released through court proceedings against several
large tobacco firms. The language used in most of these documents is English, and
the dataset contains both the images in 300 DPI PNG format, as well as text extracted
using Optical Character Recognition (OCR) techniques. The A.I. Lab splitter dataset
consists of 1, 869 streams, and has approximately 32,000 pages, originating from court
proceedings from Brazilian courts, mostly in Portuguese, containing only the images
of the pages in 224 by 224 pixel format, with text not being included. Due to the low
resolution at which the images were saved, the text could not be extracted using OCR
techniques.

The OpenPSS benchmark presented in this chapter is an extension of previous
work [104] where a single smaller dataset was used, and some preliminary experiments
using only non-learned baselines were performed comparing different metrics. This
chapter expands on that work by including a large variety of segmentation methods,
expanding the size of the original dataset and adding the OpenPSS-LONG dataset to
enable out-of-distribution experiments.

2.3 Method

2.3.1 Datasets

The OpenPSS benchmark consists of two large datasets, both of which consist of docu-
ments released on the request of citizens as part of the Dutch Freedom of Information
Act (FOIA). This act requires various levels of the government to release information
regarding their decision-making process to the public. As these requests can be very
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Figure 2.1: Example of a page stream from the OpenPSS-SHORT dataset with two
documents, both consisting of two pages, with the black borders indicating document
boundaries

broad and can cover a wide range of topics, the documents in the datasets are very
heterogeneous, ranging from official letters and meeting reports to email threads and
screenshots of Whatsapp messages. Figure 2.1 contains the pages of two documents
from a larger page stream, where the pages also contain some redactions, as parts of the
documents are confidential and not all information can be released. The two datasets in
the benchmark are comparable in terms of the number of one-page documents (30%
and 31%) but quite different in terms of the length of the streams, which is why we refer
to them as the OpenPSS-LONG and OpenPSS-SHORT datasets.

The OpenPSS-LONG dataset originated from requests to ministries during the
COVID-19 pandemic, and the page streams were manually annotated with document
boundaries. The OpenPSS-SHORT dataset is constructed from three Dutch governmen-
tal bodies that published the released archives as zip files, and thus the true documents
were known. To turn these zip archives into streams, the original documents were
concatenated into one large PDF file in order of appearance in the zip file, and the
boundary pages were recorded, similar to the approach taken by Reynar [89] and Choi
[28].

Approximately one-third of all pages were scans without underlying text, and the
underlying text of the other pages was often of poor quality. To address this issue, OCR
was performed on both datasets to extract the text, using Tesseract (version 5)! with the
Sauvola binarization algorithm [91].

Table 2.1 shows the main statistics of both the OpenPSS-LONG and OpenPSS-
SHORT datasets, as well as those of the Tobacco800 and A.1. Lab Splitter datasets, the
only other two publicly available PSS datasets.

In the two existing datasets, and in particular in Tobacco800, single-page doc-
uments are over-represented. Because of this, so-called ‘degenerate’ segmentation
algorithms [9], or algorithms that simply predict no boundaries or only boundaries can
achieve deceptively high scores. Since Tobacco800 only consists of a single stream,
partitioning the stream such that each page is a document results in a (boundary page)
recall of one, a precision of .63, and thus a rather high F1 score of .77. Even though the

'https://github.com/tesseract-ocr/tesseract
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Table 2.1: Overview of the key properties of the OpenPSS-LONG, OpenPSS-SHORT,
Tobacco800 and A.I. LAB Splitter datasets

Number Number Number Percentage Median Number Median Number Image

Streams ~ Documents Pages 1 Page Documents ~ Pages in Stream  Documents in Stream  +Text
Tobacco800 1 736 1,290 .63 - - v
AI LAB Splitter 1,869 5,487 31,789 46 9 1 X
OpenPSS-LONG 110 24,181 89,491 .30 217 55 v
OpenPSS-SHORT 312 8,162 52,177 31 60 8 v

A.L Lab splitter dataset contains a large number of streams, nearly half of them still
consist of only one document. In this case, the opposite degenerate algorithm consisting
of “do not split at all” yields a precision of 1, a recall of almost .5 and thus an F1 score
of roughly .60.

2.3.2 PSS Variants

In this chapter we distinguish between two types of segmentation tasks, namely Standard
PSS and Robust PSS. Standard PSS is the classic segmentation task where, given an
input stream .S of pages, the task is to partition .S into consecutive non-overlapping
page-sequences (the documents). Robust PSS is similar to standard PSS, except that the
algorithms are tested on out-of-distribution data, in this case from a different provider
than the dataset used for training. The Robust PSS task better resembles PSS in practice,
as a system trained on a specific dataset might well be used on other datasets, such as
a system developed for one library being employed for a different library or a general
model integrated into a search engine.

2.3.3 Models

Baselines. As fixed non-learned approaches to PSS can score remarkably well, the
so-called “degenerate algorithms” [9] are included in the experiments. These are: each
page a document; the whole stream one document; fixed size segments based on the
mean or median document length (measured either on the corpus or on the stream level).
In the rest of the chapter these are referred to as Singleton Documents , Giant Document
and Mean Document Length respectively.

Strong simple baselines To investigate the effectiveness of simple non-parametric
and non-linear learning algorithms, the K-nearest neighbors (KNN) and XGBoost [24]
algorithms are included as baselines, with separate versions for the text and image
domains, as well as a version that combines both modalities (referred to as KNN-
Ensemble and XGBoost-Ensemble ). For this multimodal version the representations of
both modalities are simply concatenated and passed to the model. For both the KNN
and XGBoost algorithms, implementations from scikit-learn with the default parameter
settings were used.
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Neural Methods For the evaluation of neural methods on the benchmark, a selection
of models from recent work has been taken, namely the TEXT-CNN and VGG16
methods from Wiedemann and Heyer [121], the BERT model from Guha et al. [46]
and the EfficientNet from Braz et al. [18]. The TEXT-CNN model consists of a GRU
model followed by a Convolutional Neural Network (CNN), where word embeddings
are fed into the GRU unit to create page representations, and the convolutional neural
network makes a binary classification based on this vector. The GRU model has a hidden
dimension of 128, both the GRU and CNN have a learning rate of .0001 and the model is
trained for twenty epochs. The VGG16 model is pretrained on the ImageNet dataset [32],
taking the raw pixels of an input image and outputting a binary classification. The
model was trained with 100 convolutional filters of sizes 3, 4 and 5, a learning rate of
.0001 and a batch size of 128. The BERT model from Guha et al. takes as input the raw
text of a page, and classifies a page by inputting the CLS token to a final linear layer.
Since pages can exceed the maximum token length of 512, documents that are longer
are truncated by taking the first and last 75 tokens. The model is trained for 100 epochs
with a learning rate of .00001 and a batch size of 8. To be usable for Dutch, a Dutch
version of BERT was used in the experiments 2. The approach from Braz et al. using
the EfficientNet architecture is similar to the VGG16 method, where the VGG16 model
is replaced with the EfficientNet architecture. The training parameters of the model are
identical to that of the VGG16 model.

Sequence Labeling methods Inspired by the work of Koshorek et al. [63], an LSTM-
based sequence classification algorithm is included in the experiments, to investigate
whether such a method, where the predictions of different pages can influence each
other, would perform well on the task. A similar method to the paper of Koshorek et
al. is used, where either pretrained image vectors or Doc2Vec vectors are used as input
to the model, and the model outputs a sequence of binary classifications for each page.
The LSTM has a total of 128 hidden units, 1 layer and is trained for 100 epochs with a
learning rate of .001. As the input to the model is a stream, which can potentially be
very long, the model is fed segments of 64 pages at a time, to mitigate the known issues
with LSTMs and long-term dependencies.

Representations All binary classification algorithms (except for KNN , XGBoost
and TEXT-CNN ) make use of the raw input text, or the raw pixels of the input image.
The TEXT-CNN model uses word embeddings trained for Dutch, and the XGBoost
and KNN models use either features extracted from a pretrained VGG16 model (for
the image domain), or page embeddings extracted from a Dutch Doc2Vec model [66]
(for the text domain). The image representations have 2, 048 dimensions and the text
representations have 300 dimensions.

The datasets and code required to reproduce the experiments in this chapter are
publicly available on Github?

Zhttps://github.com/wietsedv/bertje
3https://anonymous . 4open.science/r/OpenPSSbenchmarkTPDL-D851/
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2.3.4 Model Ensembling

As shown in previous work, methods that combine both the image- and the text modal-
ities usually yield improved performance over their uni-modal counterparts. To in-
vestigate the effect of combining models from different modalities, we compare two
strategies for ensembling models, commonly referred to as early ensembling and late
ensembling, which differ in the manner in which the two modalities are combined. In
early ensembling, the final layers of two models are combined before the final classifi-
cation is made, and a prediction is obtained by adding a final classification layer on top
of this combined output to obtain the final prediction [88].

In late ensembling, the output probabilities of the models after the softmax operation
are combined to output the final prediction. In this work, a simple linear combination
of the output vectors of two models is used to obtain a single output from the model.
To obtain an estimate on the theoretical performance of an ensemble, the maximum
achievable scores of that model can be calculated by following work by Kuncheva [64],
where the output of the ensemble model is considered correct if one of the models is
correct, providing an upper bound on the performance of the ensemble.

2.3.5 Evaluation

Model performance is reported by using the standard confusion table based metrics,
precision, recall and their harmonic mean F1. These metrics are reported both at the
level of pages and at the level of documents. The page-level metrics are commonly
used in PSS and have a straightforward interpretation. However, PSS is not a page
classification, but a document segmentation task, and thus a metric devoted to this task
may provide a better estimate of the performance of a model, as page-level metrics for
example to not distinguish between the severity of errors.

For the document-level evaluation, we report the Panoptic Quality (PQ) score,
developed in computer vision [60]. PQ is an F1 score for partial document matching
in which the score is weighted by the amount of overlap between a true and predicted
document. The overlap between a true document ¢ and a predicted document h, both
of which are seen as sets of pages is measured by their Jaccard similarity and is called
Intersection over Union IoU (t,h). A pair (¢, h) is a True Positive if ToU (¢, h) > .5.
Note that this constraint enforces at most one True Positive pair for each true or predicted
document. Let T'P be the set of True Positives. Then the set of False Positives F'P
consists of all predicted documents h which are not part of a True Positive pair and
similarly, ¢ € F'N iff ¢ is not part of a TP pair. Now the document-level precision, recall
and harmonic mean F1 can be defined as usual. Kirillov et al. also propose weighted
versions of these scores which are obtained by multiplying them by the average IoU of
the True Positives. This last measure is called the Segmentation Quality (SQ).*

When reporting results we will report precision, recall and F1 measured at the
page-level, and the weighted and unweighted F1 scores measured at the document-level
(referred to as Unweighted Document F1 and Weighted Document F1 ), together with
the Segmentation Quality SQ. All metrics are always calculated per stream. As the test

4Kirilov et al call the unweighted F1 the recognition quality RQ, and the weighted F'1, which equals
RQ x SQ the Panoptic Quality PQ.
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Table 2.2: Results of the standard PSS task for the various algorithms on the OpenPSS-
LONG and OpenPSS-SHORT. Scores reported on the page- and document-level. All
scores are calculated per stream; the reported scores are the averages over the scores of
the streams (wF'1 denotes a Weighted F1)

OpenPSS-LONG OpenPSS-SHORT

Page Document Page Document
Model P R F1  SQ Fl wF1 P R F1  SQ Fl wF1
Non-Learned Baseline
Mean Document Length  0.38 048 042 0.77 033 0.27 043 051 047 071 048 0.39
Singleton Documents 0.33 1.0 047 091 0.18 0.18 0.26 1.0 039 056 0.09 0.09
Giant Document 1.0 008 0.11 0.10 0.06 0.06 1.0 031 041 031 026 021
Strong Simple Baselines
KNN-VGG16 069 073 0.66 085 054 0.50 0.84 0.63 0.66 081 0.60 0.55
KNN-BERT 0.63 077 0.66 0.86 0.55 051 0.73 0.60 0.60 0.81 055 0.50
KNN-Ensemble 0.65 077 0.68 084 058 054 083 0.65 0.68 081 061 0.57
XGBoost-VGG16 072 073 0.68 0.87 058 0.54 0.84 0.63 0.67 081 0.60 0.54
XGBoost-BERT 0.74 0.67 0.66 0.86 055 051 0.77 0.58 0.61 0.76 054 0.48
XGBoost-Ensemble 074 073 070 087 0.61 057 085 0.66 0.68 0.83 0.62 0.57
Visual Representations
VGG16 086 070 072 092 0.64 0.61 081 0.77 0.74 0.88 0.68 0.64
EfficientNet 0.82 085 0.80 092 076 0.73 083 075 0.75 0.89 0.71 0.68
Textual Representations
TEXT-CNN 081 088 081 091 078 0.75 081 076 0.73 0.86 0.67 0.63
BERT 0.84 0.88 0.83 091 079 0.77 081 0.73 0.72 0.86 0.66 0.62
BERT-EfficientNet Combination
Early Ensembling 082 086 081 092 077 0.74 083 076 0.75 0.88 0.70 0.66
Late Ensembling 0.85 0.88 0.83 093 080 0.77 087 0.76 0.76 090 0.72 0.69
Sequence Labelling Methods
LSTM-VGG16 051 050 048 078 041 037 0.75 0.61 0.63 0.76 057 0.53
LSTM-BERT 038 057 042 0.79 030 0.27 0.53 0.66 0.55 0.74 047 0.32

sets consist of multiple streams, we measure the performance of models by the averages
of the metrics over the streams.

2.4 Results

2.4.1 Standard Page Stream Segmentation Task

The main results of the Standard PSS task are shown in Table 2.2, where the models are
grouped into their approach types as described in Section 2.3.3, and evaluated on both
the page- and document-level metrics. The neural PSS approaches outperform all the
other models on document-level metrics on both datasets, with the BERT-EfficientNet
ensemble achieving the best performance. As Table 2.2 contains a lot of information,
Figure 2.2 shows a summary of the main results on both datasets for the Weighted
Document F1 score, sorted on their average performance on both.

Although the neural methods are the best performing class for both datasets, the
KNN and XGBoost baselines produce competitive numbers given their simplicity, and
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Figure 2.2: Weighted Document F1 scores for selected models on the Standard PSS
task (left) and the robust PSS task (right) for both the OpenPSS-SHORT and OpenPSS-
LONG datasets. Bold indicates the model with the highest average performance on both
datasets. The black dots indicate the model performance averaged over both datasets.

for the page-level metrics they outperform the neural models on page-level precision
and recall for a few variations. This result is relevant to real-world applications, as
the simple baselines are cheap to compute, and can still prove competitive under these
constraints.

For both the simple baselines and the neural methods, the combination of the
modalities produces the best results, on both the OpenPSS-LONG and OpenPSS-
SHORT datasets, where the BERT-EfficientNet late-ensembling approach that combines
the output probabilities of both models outperforms the early-ensembling technique.
The best-performing combination, BERT and EfficientNet late-ensembling, has not yet
been tried in the literature, but is, on this benchmark, the state-of-the-art approach. Note
that for the KNN and XGBoost methods, the ensembling method consists of simply
concatenating and scaling input features. This simple strategy proves effective, as it
outperforms the uni-modal approaches for the KNN and XGBoost methods.

The TEXT-CNN and BERT models outperform the VGG16 and EfficientNet models
on the OpenPSS-LONG dataset, but for the OpenPSS-SHORT dataset the image models
outperform their textual counterparts. Similarly for the KNN and XGBoost models, the
text-based models marginally outperform the image models on the OpenPSS-LONG
but the image-based models perform slightly better on the OpenPSS-SHORT dataset.

The brief investigation into the sequence labelling approaches for PSS shows that
this approach does currently not stand up to the state-of-the-art binary classification
methods. Although the LSTM-VGG16 model produces results similar to that of the
XGBoost and KNN methods on the OpenPSS-SHORT dataset, the results are not nearly
as good for the model based on Doc2Vec embeddings, and both models perform poorly
on the OpenPSS-LONG dataset.

The main reason for the subpar performance of the LSTM-based methods is the
length of the stream that has to be classified, corroborated by the fact that both methods
perform worse on the OpenPSS-LONG dataset. The low performance of both LSTM-
based methods leads us to conclude that these models are currently not consistent
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Table 2.3: Results of the robust PSS task for the various algorithms, where a model is
trained on one dataset, and tested on the other. The scores reported for OpenPSS-LONG
are thus trained on OpenPSS-SHORT and tested on OpenPSS-LONG and vice-versa for
OpenPSS-SHORT. Scores are reported on both page- and document-level. The scores
are calculated for each stream separately, and the final scores are the averages over the
scores of the streams (wF'1 denotes Weighted F1)

OpenPSS-LONG OpenPSS-SHORT
Page Document Page Document
Model P R Fl SQ Fl wF1 P R Fl SQ Fl wF1
Strong Simple Baselines
KNN-VGG16 0.69 037 036 075 023 021 057 053 049 0.65 040 0.34
KNN-BERT 054 040 040 075 027 022 052 058 047 068 037 0.29
KNN-Ensemble 0.67 048 047 077 033 030 052 067 052 073 041 0.35

XGBoost-VGG16 0.67 0.35 036 076 023 020 044 060 045 0.66 034 0.28
XGBoost-BERT 065 031 033 061 019 016 069 044 048 0.62 038 0.31
XGBoost-Ensemble  0.66 036 033 0.72 022 0.19 067 050 050 0.65 041 0.33

Visual Representations

VGG16 064 038 035 064 027 024 077 051 055 071 044 0.37
EfficientNet 065 035 033 051 027 025 061 064 055 078 046 041
Textual Representations

BERT 079 058 0.60 0.77 050 047 069 062 059 075 048 043
TEXT-CNN 078 0.64 0.65 085 057 053 070 0.68 0.62 0.78 0.54 0.49

BERT-EfficientNet Combination
Early Ensembling 076 041 041 0.74 031 028 067 067 060 079 0.52 047
Late Ensembling 084 047 050 0.77 039 036 070 066 062 082 053 048

enough for the task of PSS and therefore will not be included in further robustness
experiments, as their baseline performance is simply too low.

2.4.2 Robust Page Stream Segmentation Task

In the robust experiment, all the models are trained on one dataset, and tested on the
other, and their performance is compared to their performance when trained and tested
on the same dataset. Table 2.3 shows the main results of the robustness experiments,
and Figure 2.3 shows a condensed overview, showing the relative performance drop of
the methods when trained and tested on a different dataset.

For the neural methods, the text-based models are the most robust, with the TEXT-
CNN model achieving the highest scores on both the OpenPSS-LONG and OpenPSS-
SHORT datasets. The ensemble methods do not perform as well as the text-only
methods, but they outperform the image-based models when averaged over the two
datasets.

The difference between the robustness of the text- and image models can be ex-
plained by the fact that the textual representation of pages varies less across different
corpora, and that text-based models are able to use more general features to distinguish
between pages, such as language usage, or implicit document types to distinguish be-

25



2. OpenPSS: An Open Page Stream Segmentation Benchmark

(T) TEXT-CNN mama= mm SHORT 23
(T)BERT Earawea LONG 33
(T+l) BERT-EFFICIENTNET LATE Hmamams 35
T (T+) BERT-EFFICIENTNET EARLY Smmamam 37
g (T+)) KNN ENSEMBLE S 39
() VGG16 Ermmmm e 45
() EFFICIENTNET Sdmdmamas 46
(T+l) XGBOOST ENSEMBLE mamamama 47

0 20 40 60 80 100

Weighted Document F1 performance drop

Figure 2.3: Relative performance decrease in percentages for models on the OpenPSS-
LONG and OpenPSS-SHORT datasets on the robust PSS experiments where a model is
trained on one dataset, and tested on the other. The performance drop is calculated as
100 - (standard score - robust score)/standard score

tween pages. However, this is less the case for the image models, as document layouts
can be much more corpus-specific and transfer poorly to other datasets.

However, the choice of architecture also plays a role, as for the non-neural methods
the image-based models still outperform the text-based models on both datasets. This is
likely caused by the fact that the neural image methods have the tendency to overfit on
the training data, while this is much less the case for simple baselines such as the KNN
model, as this model only uses the features extracted from a pretrained VGG16 model.

2.4.3 Model Ensembling

For tasks that involve multiple modalities, the combination of uni-modal models often
yields the best results, but there are multiple methods for combining these models, and
the best variation depends on a lot factors.

To investigate the best possible combination of models, both early- and late ensem-
bling approaches are tried, and an oracle is used to have theoretical upper bounds on
the performance of each of the combinations. We take an oracle in which a combined
model is correct if one of the two ensembled models is correct. The score of the oracle
is the maximal obtainable for the combined model. We then compare the achieved score
with the maximum oracle one. As illustrated by Sharkey [93], diversity is important
in successful combination of models, so the correlation between the predictions of
different models is also reported.

Figure 2.4 shows both the Pearson correlation as well as the difference between
an ensemble model and its oracle in terms of Weighted Document F1 , for all model
combinations.

The Pearson correlation between two models is calculated using the page-level
predictions for each model, so a binary vector where each cell is a single page. The
similarity between models of the same modality is higher than models from different
modalities, indicating that the text- and image models indeed pick up on different
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Figure 2.4: Barplot of the Pearson correlation and the difference with the oracle model
in Weighted Document F1 score for six model combinations, where the (maximal)
oracle score is calculated with the method described in Kuncheva [64]

characteristics of the data.

A similar trend can be observed in the differences of the models with the oracle
scores, with the combinations that have models of different modalities having the biggest
room for improvement. After examining the output of the models, it was found that the
predictions of the models were always very close to either zero or one, even when the
model prediction was incorrect. This is a side-effect of the model training, where this
behavior is encouraged by the training objective. However, this is problematic when
combining two such models, as when the models differ in classification one of them
will be close to zero with the other close to one, and a linear combination will end up
roughly at .5, making it difficult to make an informed decision on the input.

In an attempt to mitigate this problem, we decided to try combining the information
of the models earlier in the process, before the final prediction scores. To this end, we
took the outputs of the penultimate layers, and used logistic regression to combine the
vectors from both models, again comparing both models from the same modality, as
models from different modalities. However, this approach did not have the intended
effect, and all the early-ensemble methods were outperformed by their late-ensembling
counterparts.

2.5 Relevance for Information Retrieval

Page-level classification metrics are useful when developing classifiers as they are easy
to interpret, but may be misleading when considering the real task, which concerns
documents. The document-level metrics, based on the Panoptic Quality, are harder to
interpret but more informative. Let us assume that we have created a search engine for
the OpenPSS-LONG dataset based on the output of the best performing PSS model
(the BERT-EfficientNet late ensemble). The documents ranked by the search engine
are based on the partition of the stream created by the model. The scores of the model
are as follows: Unweighted Document Precision: 0.82, Unweighted Document Recall:
0.82, unweighted Document F1 (RQ) 0.80 and an SQ of 0.93. Recall that for the
document-level scores, the true and predicted partitions are aligned and a pair (¢, h) is a
True Positive if the overlap between ¢ and £ is strictly larger than the non overlapping
parts (formalized as IoU (¢, h) > .5). The Segmentation Quality S( then is the mean
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10U of all True Positives.

A document precision of 0.82 means that roughly one in every 5 hits of the search
engine does not correspond to a document (in the overlap is larger than non-overlap
sense). That can happen in three ways. Measured on the OpenPSS-LONG dataset the
following distribution was observed: 77% of these False Positives lie inside a larger
document, 14% overlaps with two documents and the remaining 9% with more than
two.

Note that even though the document-level recall is not perfect, this does not mean
that some documents will not be found. Every true document D can be retrieved, but
when it is a False Negative, D will be partitioned (dispersed) over other documents.
Again measured on the OpenPSS-LONG dataset, we see that this dispersion looks as
follows: in 93% of the cases the real document in contained within a larger predicted
document, in 4% of the cases the document is dispersed over two documents, and in the
remaining 3% the document is dispersed over more than two predicted documents.

Similarly, let us now examine the meaning of the Segmentation Quality (SQ) on
the OpenPSS-LONG dataset. With a precision of .82, roughly eight of every ten hits
is a True Positive, and thus uniquely coupled to a true document. If such a document
is one or two pages long, by definition it must be a real document (because of the
IoU(t,h) > .5 requirement), and thus the overlap is perfect. For True Positives
between three and ten pages long, the maximum number of non-overlapping pages
can be between two and nine, while still being counted as a true positive. For these
document lengths, the average IoU score is 0.96, and on average there is less than one
non-overlapping page. For documents between ten and fifty pages, the average IoU
score is 0.92, and on average there is a mismatch of roughly two pages between true
and predicted documents. This shows that when documents are matched correctly by
the algorithm, the document boundaries are on average very closely matched with the
ground truth documents.

To conclude, a search engine based on a PSS model with such good scores will
probably function well. Of course, the ranking is based on the terms in the complete
document, so wrong cuts can alter the ranking. However, as the difference in the number
of pages is rather marginal the effect will be rather small. Users may get confused if
they get served a document that seemingly starts in the middle of a document, but, again
in the vast majority of cases it is only a few pages off. This may be solved by the design
of the interface (e.g., the interface may show, using thumbnails, a few pages to the left
and right of the starting page of the “document” in the stream).

2.6 Discussion & Future Work

Although we have created this benchmark with the aim of providing a platform for
developing and testing for all kinds of PSS methods and approaches, the very nature of
the datasets, being in Dutch, means that it is not completely language-agnostic, and that
certain approaches might be limited because they would have to rely on resources for
the Dutch Language, such as BERT models or word embeddings. However, this will be
the case for most languages (even for English to an extent), and thus we feel that is not
necessarily a problem.
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Possible directions for future work include the adaptation of the sequence labeling
methods for the task of PSS. Although the results on the OpenPSS-LONG and OpenPSS-
SHORT were not particularly strong, the method did show potential, particularly on the
OpenPSS-SHORT dataset, and the idea of incorporating information from surrounding
pages seems sound. Perhaps that by adapting the LSTM approach, or by using new
models such as Transformers [114], the limitations of the method with regards to long
documents can be solved, in which case its simplicity might prove useful as a practical
PSS system.

2.7 Conclusion

In this chapter, we investigated the efficacy of methods from Machine Learning for the
task of page stream segmentation, evaluating these models on both the standard and
robust tasks using page- and document-level evaluation metrics.

In case of the standard PSS task, the neural models that perform binary classification
perform best, and ensembling BERT and EfficientNet , a combination not yet tried
in the literature, achieves the best performance on both datasets. The robust task
showed that the models based on textual features were the most robust to out-of-
distribution data and that the image models were most susceptible to the distribution
shift. A brief investigation into the different strategies for ensembling shows that the
late ensembling approach achieves the best performance, and that there is still some
room for improvement, based on the oracle scores.
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Redacted Text Detection Using Neural
Image Segmentation Methods

Due to the nature of FOIA documents, they often contain personal information such
as email addresses, names or phone numbers of public servants, or other sensitive
information. Naturally, this information has to be removed from the documents before
publication, a process referred to as redaction. This redaction can be performed using
a variety of different methods, depending on the supplier, with some agencies using
specialized software, simple text editor options, or even black marker pens.

Knowing how often and where these redactions occur in a document is not only
useful when compiling statistics on the redaction practices of organizations, but having
accurate information on the locations of these redactions can also aid in the development
of text-to-speech software for these types of documents, allowing for custom behavior
when a redaction is encountered.

As with the task of page stream segmentation, one of the main requirements of
a system for our use case is that it can be applied to a wide variety of documents,
without having to be trained separately for different data suppliers. In the case of the
detection of redacted text, this not only means that the system must be able to detect a
wide variety of different redaction types, but also that it must be robust to all different
kinds of documents, possibly containing graphics or illustrations that look similar to
redactions. With this requirement in mind, it is unlikely that a rule-based system based
on textual information, as available in the literature, is capable of performing this
task to a satisfactory level. Therefore, in this chapter, we turn our attention to recent
developments in the Computer Vision domain, and the models developed there for the
task of image segmentation and object detection, which seem like a good fit for the
task of redacted text detection. As such, this chapter is centered around the following
research question.

RQ2 What is the efficacy of neural image segmentation methods for the large-scale
detection of redacted text?

In order to answer this research question, we created an annotated dataset of the

This chapter was published as: R. van Heusden, K. Meijer, and M. Marx. Redacted text detection using
neural image segmentation models. International Journal on Document Analysis and Recognition (IJDAR),
2025. URL https://doi.org/10.1007/s10032-025-00513-1.
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four most common types of redactions, and we compare a rule-based detection model
with two current neural image segmentation methods, namely a Mask RCNN [52] and
a Mask2former [27] model. To evaluate each of the methods in a realistic scenario,
we additionally present the systems with a selection of pages that does not contain
any redactions, and measure how often false positives occur. Our experimental results
show that both the Mask RCNN and Mask2Former methods outperform the rule-based
approach when it comes to correctly detecting the four different redaction types, and
that, when presented with pages without redactions, the models produce only a very
low amount of false positives, compared to the rule-based model.

3.1 Introduction

Text redaction refers to the process of removing sensitive information from texts which
are made public. This often concerns personal information like names of witnesses
in court cases, financial information from contracts, or information released through
Freedom of Information Act (FOIA) requests [12, 15]. Text redaction must satisfy two
balancing properties. On the one hand, it must be safe, text which has to be removed
cannot (or only with very small probability) be recovered again from the document. On
the other hand, it must be conservative, meaning that all other text, layout information
and metadata must be kept intact.

Although this seems trivial, a large number of possible ways of redacting information
exist, such as using specialized software, blurring- or mosaicing techniques, or even
just a black marker pen [54]. Some redaction guidelines'? specifically recommend
printing, manually redacting and scanning a PDF document, which means all data on
the document-structure and all embedded metadata is lost.

The detection of redactions is either a text- or image segmentation task, in which the
redacted pieces of text on a page are detected and indicated by their precise bounding
boxes [15]. It can be used for corpus analysis, estimating the number of redactions
and the ratio between redacted- and visible text. Apart from using this information for
gathering corpus statistics, it can also be used to check the quality of the redactions, and
whether the text is truly redacted, or still retrievable. Several papers have been published
on the vulnerability of different redaction techniques such as black bars, mosaicing
and blurring, and have shown that, in specific cases, the original text can be retrieved
using either a rule-based- or statistical approach [15, 54, 76] The output of a detection
system can also be used when making released texts accessible according to the WCAG
guidelines 3. When a redacted document is read out loud by software, the redacted
pieces simply become a (sometimes quite long) silence, and the spoken sentence is no
longer grammatical. By using the detected bounding boxes, redactions can be given an
alt tag, which can be used by the text-to-speech software to indicate that a piece of text
has been redacted.

Text redaction detection can both be seen as a text- and as an image-segmentation

"https://www.nj.gov/grc/custodians/redacting/

Zhttps://www. justice.gov/oip/blog/foia-post-2008-o0ip-guidance-segregating-and-
marking-documents-release-accordance-open

3https://www.w3.org/TR/wcag-3.0/

32


https://www.nj.gov/grc/custodians/redacting/
https://www.justice.gov/oip/blog/foia-post-2008-oip-guidance-segregating-and-marking-documents-release-accordance-open
https://www.justice.gov/oip/blog/foia-post-2008-oip-guidance-segregating-and-marking-documents-release-accordance-open
https://www.w3.org/TR/wcag-3.0/

3.1. Introduction

problem, partially depending on the precise type of document. Redacted texts predomi-
nantly come in the form of PDF documents. If these are “digital born”, we have access
to the original text in the correct reading order. But very often, redacted texts come as
PDFs consisting of scanned documents, and we only have access to the underlying text
via Optical Character Recognition (OCR). In the latter case, an image-segmentation
approach seems the first choice, whereas in the former both approaches and even their
combination can be applied. For the intended applications, it is most important to
correctly and precisely identify each separate piece of redacted text.

One of the few available approaches for the detection of redacted text is Edact-
Ray [15], which approaches the task as a text-segmentation task. Edact-Ray is a
rule-based system operating on the text of a page, together with position information of
each character. Its heuristic is that when two consecutive words are further apart than
the width of a space character, the text in between these words has most likely been
redacted. The detection algorithm was manually evaluated by the authors, and had a
false positive rate of 4%, with no false negatives being detected. It was reasonable to
assume that the same idea could work on text obtained by OCR from scans, but, as we
will show in this chapter, it does not.

van Heusden et al. [106] introduce a method for redacted text detection that com-
bines textual information with morphological operations, and evaluate it on Dutch
FOIA documents. The method sequentially removes text from an input image, and uses
contour detection to detect redactions. Although the technique is successful in detecting
redactions of different types, it is not robust when applied to different input sources,
yielding a lot of false positives such as parts of images and logos. Although several
enhancements are suggested, these would also significantly reduce the ability of the
model to detect true redactions.

In an attempt to overcome the disadvantages of a rule-based approach, this chapter
evaluates two neural image segmentation methods for detecting redactions. The field
of image segmentation has seen a rapid development in recent years, with a multitude
of models being released for a variety of tasks. These recent models can be roughly
grouped into two types, those based on Convolutional Neural Networks (CNNs), and
those based on Transformers [114]. Although the latter generally outperforms the former,
convolutional approaches sometimes still outperform Transformer-based models on
specific domains, which is why a CNN-based model is also included in this research.

The question we will answer here is: “How well can neural image segmentation
models detect redacted text?”.

We measure performance by comparing detected redactions to ground truth redac-
tions using the Panoptic Quality methodology [60]. We also look at the effect of the
number of training examples on performance, whether we see a difference in perfor-
mance for different types of redaction, and how our detectors work on “hard negatives”
(pages without any redaction).

Our main contribution is a well performing (recall=.94, precision=.96) detection
system based on a pre-trained Mask R-CNN model, which needs a moderate amount of
training data (less than one thousand annotated pages), and which also performs well
on documents without any redaction. Besides all code, we also release an extensive
set of manually labeled train- and test data (1,464 pages, 11,572 redactions), grouped
by redaction type (see Table 3.1). Lastly, we show that the heuristic Edact-Ray [15],
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redaction detector does not generalize to text derived from scanned documents by OCR.

The rest of the chapter is structured as follows. In Section 3.2, we briefly discuss
related work in document segmentation and recent neural instance segmentation models,
as well as recent work for automatic detection of redactions. In Section 3.3, we describe
the used dataset and methods in detail, including the annotation process and the specific
parameters used for the neural methods. Section 3.4 contains the evaluation of the
two neural models in comparison to the rule-based baseline, and also contains several
examples. We conclude with a short discussion of the results and possible directions for
future work in Section 3.5.

3.2 Related Work

3.2.1 Detection of Redacted Text

Although previous work on the automatic detection of redacted text is rather limited,
several approaches have been proposed in the literature, which use either textual infor-
mation, or a combination of both textual- and visual information to automatically detect
redactions. Bland et al. [15] developed the Edact-Ray Tool Suite to better understand
and fix redactions in text documents, where the first part of the pipeline detects redac-
tions in PDF documents. Redactions are detected by identifying gaps between pairs of
words that are larger than a single space character, and that consist of more non-white-
than white pixels, to reduce the number of false positives. A downside of this approach
is that the document should contain information on the location of characters, something
that is often not present for scanned-in documents.

A technique that is more suited for usage with scanned documents is proposed by
van Heusden et al. [106], who describe a method based on a combination of Optical
Character Recognition (OCR) and morphological operations to perform the detection.
This approach reaches an F1 of .79 with an average IoU (the segmentation quality) of
the correctly identified redactions of .86 (see Table 3.3). However, the fact that the
model relies on handcrafted rules means that it is difficult to adapt the model to unseen
scenarios, for example when new redaction types are introduced.

3.2.2 Neural Image Segmentation

In the domain of Computer Vision, it is common to use pre-trained models such as
VGG16 [95] or ResNet [51] trained on large datasets of images, and to finetune the
architectures with a domain-specific dataset. This is also the case for Document Object
Detection (DOD), the task of locating and identifying various types of elements in
documents, for example figures, tables, paragraph heading, etc. Naturally, redacted text
detection is also a DOD task.

One such model that adapts a pre-trained model for DOD tasks is Figure Caption
Extract Net (FCENet), developed by Liu et al. [74]. The model architecture is based
on the BlendMask architecture [22], which combines coarse object detections with
fine-grained predictions based on attention. FCENet contains the addition of horizontal
and vertical attention in the fine-grained detection step and the addition of separate
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prediction towers for figure and caption detection to adapt it to the task of document-
image segmentation. The FCENet model is compared to BlendMask, Yolact and
Mask R-CNN, three other neural instance segmentation models [16, 22, 52], and it
outperforms all three methods in terms of both Average Precision and F1.

Another example of a general-purpose CNN model adapted for the task of document
segmentation is the model proposed by Biswas et al. [13]. The model is an adaptation of
a Mask R-CNN model, adding a segmentation module to perform both object detection
as well as instance segmentation. The method is compared to Faster R-CNN and Mask
R-CNN models on the Historical Japanese Dataset (HID) and PublayNet datasets. The
Mask R-CNN model that is adapted for document-image segmentation outperforms
both the Faster R-CNN and pre-trained Mask R-CNN models on the detection and
segmentation of the majority of the selected categories, in terms of mean Average
Precision (mAP).

The DocSegTr model from Biswas et al. [14] is a further improvement of this Mask
R-CNN model, where part of the architecture is replaced with a Transformer model.
The DocSegTr model is able to better handle the segmentation of larger image elements
such as table and figures, but has slightly worse performance for small image elements.

Huang et al. [56] propose LayoutLMV3 for various text-centric and image-centric
tasks including document image classification and document layout analysis. The model
is also based on the Transformer architecture, but differs from previous approaches
by including textual information obtained from OCR. Both modalities are encoded
using Transformers, and combined by using a multimodal Transformer. The addition of
textual input means the model is better suited for tasks that require text understanding,
such as the classification of individual items on receipts. The model was compared
to various other models including UDoc and DiTgasg [69], and outperformed these
methods on the majority of the image analysis datasets used in the research.

To conclude, the task of Document Object Detection has seen a multitude of well
performing models, based on the Mask R-CNN and Transformer architectures, where
most models differ in the type of architecture that they use, and in which part of the
model that architecture is used. As both types exhibit different behavior based on the
specific dataset used, we use both a Mask R-CNN model as well as Mask2Former (a
Transformer based model) in this research.

3.3 Methodology

In this section we will discuss the dataset created for this research, the annotation
process, and provide brief descriptions of both the Mask R-CNN and Mask2Former
models, as well as the baseline from van Heusden et al. [106]. We also briefly describe
a variant of the Edact-Ray model, adapted for usage with scanned-in documents.

3.3.1 Data

To train and evaluate the developed models we use a dataset consisting of released FOIA
requests from the Dutch government, where all documents are in the Dutch language.
The statistics of the dataset are presented in Table 3.1, both in terms of the number of
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Van: 5.1.2e 5.1.2e <| 5.1.2e @minbuza.nl>

Datum: dinsdag 14 dec. 2021 6:19 PM

Aan: 5.1.2e [5.1.2e < 5.1.2e @minbuza.nl>
b.1.2e 5.1.2e @minbuza.nl>,|5.1.2e |@min
Kopie: 5.1.2e 5.1.2e 5.1.2e |
E‘I’.Zj|5.1.2z—:‘@minbuza.nl>,| 5.1.2e 5.1.2e]< 5.1.2e

Onderwerp: p.1.2e WUR - plenair debat Afghanistan

(a) Annotations with partially overlapping borders
Vragen

" | 5.12e
buiten verzoek

Bijlage 3: antwoordbrief aan de 5 5.1.2e

(b) Redactions contained in one another

Figure 3.1: Examples of the annotation of borders in the VGG Image Annotator tool.
Note how yellow annotation lines tightly follow the redaction borders instead of going
through any partially overlapping redactions

Redaction Type Number of pages Number of redactions

Black 314 3,914
Border 170 2,535
Color 83 1,660
Gray 381 3,242
No redaction 516 0
Total 1,464 11,351

Table 3.1: The number of pages and annotated redactions per redaction type in our
annotated dataset

pages and the number of annotated redactions. The pages without annotations have been
added to mimic a realistic scenario in which such pages frequently occur. The redactions
in the dataset have been classified into four possible types, namely Black, Border, Color
and Gray, with examples of each of them shown in Figure 3.2. Although not explicitly
classified as separate types of annotation, the dataset also contains ‘difficult’ redactions
where the lines of redactions are quite faint, or where annotations are of a particularly
unusual shape, as can be seen in Figure 3.3, where a signature has been redacted. The
dataset was annotated using the VGG Image Annotator tool [35] by three annotators.
The redaction blocks with humanly visible gaps were annotated as separate redactions
and touching blocks on separate lines were annotated as a single redaction. The lines
of overlapping redaction blocks are tightly followed so that there is no overlap in
annotations for those blocks, see Figure 3.1a. In cases where boxes overlap such as
in Figure 3.1b, only the redaction that contained the other redactions was annotated.
The annotation was thus done in such a manner that ground truth segments are never
overlapping, but may touch each other. For the experiments a dataset split of 70%/30%
for the train- and test set was used.
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(a) Black redaction  (b) Border redaction  (c) Color redaction  (d) Gray redaction

Figure 3.2: Examples of the different types of redaction in the dataset. The codes in the
redactions are not type dependent. The color redaction can appear in different colors.
The gray redactions can appear in different shades of gray

Figure 3.3: Redaction of a signature

3.3.2 Models
Mask R-CNN model

The Mask R-CNN model is an image segmentation model based on convolutional neural
networks, developed by He et al. [52], as an extension to the Faster R-CNN model [45].

The Mask R-CNN model consists of two stages; the first stage is the Region
Proposal Network (RPN) which proposes regions of interest (Rol) from input images,
and the second stage extracts features from these Rols and performs classification
and bounding-box regression on them. In parallel to the second stage, the Mask R-
CNN model also outputs binary segmentation masks for each Rol, allowing for both
semantic- and instance segmentation. The Mask R-CNN model can be instantiated with
multiple architectures; a convolutional backbone architecture for the feature extraction
(over an entire image) and a network head for the bounding-box recognition and mask
prediction of each Rol. For the implementation of the model we used the Detectron2
library [124] from Meta with the ResNeXt-101-32x8d [125] and Feature Pyramid
Network (FPN) [72] backbones for the feature proposal and mask predictions steps
respectively, following Biswas et al. [13]. We use a model trained on the ImageNet
dataset [71], as this model yielded the best performance *. The model was trained with
a learning rate of .001 without decrease, the default 1,000 warm-up iterations and a
maximum of 5, 000 optimization steps (roughly fifteen epochs). We did not use random
flip nor did we filter out images without annotations from the training data.

Mask2Former

The Mask2Former model was introduced by Cheng et al. [27], and is an extension of the
MaskFormer model [26]. The model consists of three main components, namely a back-
bone that extracts low-level features from input images, a pixel decoder that enhances
these low-level feature maps, and a Transformer decoder module that outputs binary
masks. The model can perform universal segmentation, meaning it can simultaneously
perform semantic- and instance segmentation, also referred to as Panoptic segmentation.
This architecture bears a resemblance to the DocSegTr model proposed by Biswas

4https://github.com/facebookresearch/detectron2/blob/main/MODEL_Z00. md
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et al. [14], however the generation of the feature maps is now solely performed by a
Transformer model, and the generation of the final output masks combines the pixel
decoder and Transformer decoder, instead of using features from the backbone. For the
implementation of the Mask2Former model, we used the Mask2Former library from
Meta [26] and a model pre-trained on instance segmentation for the MS COCO dataset,
as this proved more successful than finetuning the pixel decoder and Transformer de-
coder on our dataset. We used a Swin-T model backbone [75], 5,000 optimization steps
(roughly 15 epochs), a learning rate of .0001, and a batch size of two, and performed
training an a single GPU.

OCR & Morphology Baseline

van Heusden et al. [106] introduce a baseline that combines OCR with morphological
operations to remove all the text from an image, and subsequently performs contour
detection (with some filtering on object sizes and shapes) to extract redactions from
scanned-in documents. The image is first preprocessed using erosion and dilation
techniques, after which OCR is used to obtain the locations of characters in the image,
which are then removed. Finally, contour detection is performed to extract the remaining
shapes, which are filtered based on size and orientation. We use the same hyperparame-
ters as the original paper for our dataset as this yielded the best performance.

Edact-Ray On Scans

As previously mentioned, The Edact-Ray tool from Bland et al. [15] uses a detection
method based on the location of characters and “too long” spaces in a document to
detect inline redactions. This simple baseline using an appealing heuristic worked well
on the digital court proceedings used in the original paper, and thus seemed a good
candidate for a strong baseline. However, our redactions are in scanned documents, and
so we had to adapt their method. We discuss our adaptations and argue why the heuristic
does not work well on scans. For this reason, we did not include results for this model
in this chapter. It is not guaranteed that character location information is present in
scanned-in documents, and thus OCR has to be performed to obtain it. Moreover, some
documents can contain redactions spanning multiple lines, which cannot be detected
by simply using horizontal gaps between words. In an attempt to adapt the Edact-Ray
detection method for scanned documents, we propose a version of the algorithm that
consists of the following steps.

1. Detection of word location using OCR, using a confidence threshold of .65 to
mitigate false positive text.

2. Detection of inline redaction by comparing word boundaries, and marking gaps
that are larger than twice the size of an average space.

3. Detection of multiline redaction by comparing the differences in height between
consecutive sentences, marking gaps that are larger than twice the average char-
acter height.
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Feedback musss 0p 18/11 ontvangen:

(a) Inline redaction correctly detected by the (b) Multiline redaction incorrectly detected
Edact-Ray On Scans method by the Edact-Ray on scans method (redacted
lines should have been marked individually)

Figure 3.4: Examples of inline- and multiline redactions identified by the Edact-Ray on
scans method

4. Filtering of redactions by requiring at least half of the pixels to be non-white, to
avoid false positives (for example newlines between paragraphs or text indenta-
tion).

Although the proposed approach works somewhat for the black- and color redactions
(with a segmentation quality of .62 and .58 and a recognition quality (F1) of .16 and
.30 for black- and color redactions respectively), the model is not able to detect border
redactions, largely because of two reasons. First, the border redactions often contain
codes, and as such there will not be a large gap between consecutive words (see
Figure 3.1a). Although these codes could be filtered, the other problem is that these
redaction boxes contain predominantly white pixels and thus will not pass through the
color constraint. Lifting this constraint however is not an option, as it would lead to a
large amount of false positives.

Another shortcoming of the method can be seen in Figure 3.4b. Although the model
apparently correctly identified a multiline redaction, the redacted lines should have
been annotated as separate redactions, not as a single block. However, since none of
these lines contain any text, the model is incapable of making this distinction. This is
also reflected in the scores, as the recall of the model is lower than the precision for
all classes. The aforementioned problems all stem from the fact that, at its core, the
algorithm relies on a sufficient amount of textual information being present to detect
redactions. If however a significant amount of text has been redacted, this information
is not available, and thus the model will not be able to make accurate detections, even
with more sophisticated rules.

3.3.3 Mask Post-Processing

Both the Mask R-CNN and Mask2Former models output masks that can possibly over-
lap, which is not allowed by the assumptions underlying evaluation with the Panoptic
Quality methodology. To remove these overlapping predictions, we follow the procedure
described by Kirillov et al. [60], where predicted masks are sorted by their confidence
and predictions with a confidence lower than a set threshold are removed. If two masks
overlap more than a set threshold, the least confident mask is discarded, otherwise the
overlapping portion is removed from both masks, and both masks are kept. We used a
threshold of .5 for both the confidence- and overlap thresholds.
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3.3.4 Computational Resources

Both the Mask R-CNN and the Mask2Former models were trained using one Nvidia
Tesla P40 GPU with 24 GB DDR5 memory. The total training time for both models
was roughly one and a half hours for the complete dataset, including pages without
redactions.

3.3.5 Evaluation

Traditionally, Average Precision (AP) has been used to measure and compare the
performance of instance segmentation models. The average precision is based on
ground truth and predicted objects and is calculated by sorting predicted objects on their
confidence score, and calculating precision and recall by starting at the most confident
prediction, and including more and more samples with lower confidence. True Positives,
False Positives and False Negatives are defined by using Intersection-over-Union (IoU)
thresholded at .5, and average precision is then defined as the area under the precision-
recall curve. Different benchmarks use slightly different definitions, by for example also
taking averages over a set of IoU thresholds [71]. Regardless of the specific method,
a major downside of this evaluation paradigm is that it does not measure the quality
of the prediction, i.e. how close the prediction is to the ground truth. To remedy this
issue, Kirillov et al. [60] have proposed the panoptic quality (PQ) metric, which, like
AP, operates on ground truth and predicted objects.

The PQ metric uses the IoU to calculate matches between predicted- and ground
truth objects, and defines True Positives (TP), False Positives (FP) and False Negatives
(FN) over sets of objects. Given sets of ground truth and predicted objects T and H
respectively, the classes TP, FP and FN can be defined as follows:

TP ={(h,t) € HxT |IoU(h,t) > .5}

FP=H\dom(TP)

FN =T\ range(TP).
Precision, recall and F1 are then defined as usual. The F1 score is referred to in Kirillov
et al. [60] as the Recognition Quality (RQ). The segmentation quality (SQ) indicates
how precisely the truely predicted segments match the ground truth. It is defined as the

average IoU of the set of TPs. We will report precision, recall, F1 and the segmentation
quality score.

3.3.6 Code Availability

All the code and the data used in this research are publicly available on GitHub °.

Shttps://github.com/RubenvanHeusden/NeuralRedactedTextDetection
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OCR+Morphology Mask R-CNN Mask2Former
SQ P R F1 SQ P R F1 SQ P R F1 Support
Black .85 93 90 .92 85 97 98 98 84 95 95 .96 1,338

Color .87 84 87 8 .86 97 95 9 8 97 90 .93 542
Gray 83 73 65 69 8 91 95 93 85 94 93 .93 795
Border .88 83 44 57 8 97 88 95 83 93 .82 .88 911

Table 3.2: SQ, Precision, Recall and F1 scores of the OCR+Morphology, Mask R-CNN
and Mask2Former models on pages that contain redactions, reported per redaction type,
where bold indicates the redaction type with the best score for the specific model and
metric. The support is the number of redactions for each redaction type in the test set

Model SQ P R F1
OCR+Morphology .86 .85 .72 .78
Mask R-CNN 85 96 94 95
Mask2Former 84 95 90 .93

Table 3.3: Segmentation Quality, Precision, Recall and F1 of the OCR+Morphology,
Mask R-CNN and Mask2Former models on pages that contain redactions (N_pages=284,
N_redactions=3,586)

3.4 Results

This section contains our main results: the performance of the neural models and the
baseline on the “regular” train and test set (with at least one redaction on every page)
(Section 3.4.1) and on the extension of that set with hard negatives (pages without
redactions) (Section 3.4.2). In Section 3.4.3 we look at the effect of reducing the
number of training samples for the Mask R-CNN and Mask2Former models.

3.4.1 Redacted Text Detection

Table 3.3 reports on our main experiment: comparing the three models on the test
set consisting of pages with at least one redaction. We report the segmentation qual-
ity (SQ), precision, recall and F1 scores for the rule-based OCR+Morphology, Mask
R-CNN and Mask2Former models. Both neural models outperform the rule-based
OCR-+Morphology model on precision, recall and F1. Mask R-CNN is the best perform-
ing system concerning detection, but the OCR+Morphology model is best in precisely
segmenting the redactions, witnessed by the highest SQ score.

We now zoom in and report the performance of the models for the different types of
redaction exemplified in Figure 3.2. Table 3.2 shows the performance of the models
per redaction type. Bold indicates the redaction type with the best score for the specific
model and metric. The more traditional redaction styles, black and color, are the easiest
to detect for all models. The baseline has much lower performance, in particular recall,
on the gray and border types. The neural models, especially Mask R-CNN, have a

41



3. Redacted Text Detection Using Neural Image Segmentation Methods

o [om e
BD/DVB/IV_(10)2e) _J@minjenv.r

(10)(2e) | rotae)(2e;
(10)(2e) E minjenv.nl

BD/IDVBIV[ ___(10)2e)  @minje B @minje
[(o2e) ]| (10)2e) | @politie.nl], [ |@ politie.nl]; []
[EE | KNVB ] |10 (t0)2e)  |@KNVB.NL

From:  [=5f [eadfiojze) | Tom: [T (10x2e) |

(b) Redactions detected
by the OCR-+Morphology

(a) Ground truth redactions

model
Lohe)(2e]
BD DVB/I “er) MI
BD/D |___(10@e) __[[@minje
(10>(2e> (10)(2e) @politie.m];[]
(10)(2e) _ (10)(2e) I@KNVB.NL
From: e [ 10y(ze) |

(c) Redactions detected by
the Mask R-CNN model

Figure 3.5: An example of border redactions being incorrectly fused by the
OCR+Morphology model and correctly separated by the Mask R-CNN model. (In all
figures, green indicates correct predictions, red indicates false predictions, and yellow
indicates missed predictions)

]

(a) Spurious and missed
redaction predictions of the
OCR+Morphology model

(b) Correctly detected redac-
tion by the Mask R-CNN
model

Figure 3.6: An example of a gray redaction being missed by the OCR+Morphology
model, and correctly separated by the Mask R-CNN model

more consistent high performance on all four types. For the border type, the recall is
remarkably lower for the OCR+Morphology and Mask2Former models.

For the border redactions, the main reason for redactions being missed was the
model incorrectly fusing multiple redactions into one, as shown in Figures 3.5a and 3.5b.
This type of redaction, where the redactions are very close together, occurs often for the
border class, explaining the low recall of the models on this class. The Mask R-CNN
and Mask2Former models handle this type of redaction much better (see Figure 3.5¢),
however some border redactions are still missed.

The Mask R-CNN and Mask2Former models perform more or less similar on all
redaction types except for the recall on the border class which is .06 lower for the
Mask2Former model. No clear cause for this difference could be found, apart from the
fact that the Mask R-CNN model picked up more redactions in situations where a lot of
redactions were close together. Figure 3.7 contains a challenging example where border
redactions have to be recognized inside a table (with a border as well).

We did not find a singular cause for the poor performance of the OCR+Morphology
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Figure 3.7: Predictions of the Mask R-CNN model on a table that contains border
redactions

model on the gray redactions. There are several cases of redactions inside tables that
are not detected (false negatives), but also instances in which for example gray scans of
Whatsapp messages were mistaken for redactions (see Figure 3.6a).

All three models perform comparably in correctly segmenting the true positives,
with SQ values between .83 and .88. (Note that SQ is always between .5 and 1 by
definition of a true positive.) This is partly due to the ground truth annotations, as some
of the redactions are very small, and it is difficult to place a bounding box exactly on the
border of the redaction. Moreover, in the case of small objects, a discrepancy between
two masks can have a large effect on the SQ metric.

3.4.2 Adding Pages Without Redactions

For this experiment, we added pages without annotations to the dataset, and evaluate
the differences in model performance compared to the dataset in which every page
contains at least one redaction. Of course this better resembles real-world data, which
often contains pages with standard boilerplate content. We expect that the addition of
redaction-free pages leads to lower recognition scores, in particular we expect more
false positives. First, we added these pages without annotations to the test set only, to
investigate to what extent the models were able to handle these pages without being
explicitly trained with redaction-free pages. For the Mask R-CNN and Mask2Former
models, this led to a significant amount of false positive detections on these empty pages
(84 and 97 respectively), given that the test set contains 155 pages without redactions.
As the OCR+Morphology model contains no training step and thus there is no difference
with the previous experiment, it was not included in this experiment.

We now look what happens when we also train the neural models with pages
without any redaction. Table 3.4 is like Table 3.3 except that now the models are trained
and tested on the extension of the earlier used train- and test sets with pages without
redactions. Overall performance of all three models decreases, with the decrease being
largest for the OCR+Morphology method. Only the precision of the OCR+Morphology
model is affected, as no additional training was performed, so the predictions on the
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Figure 3.8: Comparison of the versions of the Mask2Former model trained only on
pages with redactions (top) and on pages with and without redactions (bottom)

pages with redactions remained unchanged.

The Mask2Former model has almost no false positives on the pages without redac-
tions, while Mask R-CNN has 52. Many of these false positives were cases where there
was text inside a table, or when there was highlighted text, such as in Figure 3.9.

The number of extra false positives in the pages without redactions in the last column
shows that the two neural models are more robust to realistic input with pages without
redactions. The large number of false positives for the OCR+Morphology model is due
to the fact that, through the text filtering and contour detection steps, it will pick up
rectangular elements in pages, such as footers, parts of illustrations, and individual cells
in tables.

The low amount of false positives does come with a trade-off for the Mask2Former
model however, as the recall is reduced from .90 to .83. The largest decrease in recall
was observed in the border class, an example of which is shown in Figure 3.8. Here
we see a dramatic decrease in recall when the model is also trained on pages without
redactions. The likely explanation for this is that the model has learned to ignore
tables in pages (if they do not contain redactions themselves), and that this has caused
the model to not detect some redactions that might be similar to tables (large border
redactions with text).
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Figure 3.9: Spurious detection of highlighted text by the Mask R-CNN model (after
training on the complete train set)

Empty page

SQ P R F1 FPs
Rule-based 86 .62 .70 .66 1,127
MaskR-CNN 84 90 .92 91 52
Mask2Former .84 .94 83 .89 2

Table 3.4: SQ, precision, recall and F1 scores for the rule-based, Mask R-CNN
and Mask2former models on the test set that contains pages without redactions
(N_pages=439 (155 without redactions), N_redactions=3,586)

3.4.3 Influence of the Number of Training Samples

We now investigate the influence of the number of training samples on the performance
of the two neural models. We take stratified subsets of the complete dataset (including
pages without annotations) of 10, 20, 40, 60, 80 and 100 percent of the number of
pages. We train both the Mask R-CNN and Mask2Former models on those subsets of
the dataset, and evaluate on the complete test set.

Figures 3.10a and 3.10b show the progression of performance for both neural
methods when the amount of training data is increased. Interestingly, the performance
of both models is relatively consistent across different sizes, and even with only twenty
percent of the original training set (roughly 12,200 annotations), both models achieve
close to their final performance. This shows that for this specific task, the pre-training
on MS COCO is very effective in training the models for instance segmentation, and
that only very little data is needed to adapt these models to the specific task of redaction
detection.

3.4.4 Post-processing Model Output

Although both the Mask R-CNN and Mask2Former models show a significant im-
provement over the rule-based model when applied to pages that contain no redactions,
they still make some mistakes. Some (like the one shown in Figure 3.9), could be
relatively easily removed by performing OCR on the model output, and filtering the
predictions based on this. Since the Mask2Former model only had two false positives,
we will focus on the Mask R-CNN model for this experiment. Of the 52 false positives
yielded by the Mask R-CNN model, 22 of these false positives contained readable text
according to Tesseract (with a confidence threshold of .70), and could thus benefit from
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Figure 3.10: Performance of the Mask R-CNN and Mask2Former models in terms of
SQ, P, R and F1 for 10, 20, 40, 60, 80 and 100 percent of the training data (in terms of
number of pages)

a post-processing approach. Because some of the legitimate redactions in the dataset
contain text (such as a code, or the reason for redaction) we cannot simply filter out
all redactions that contain text, but rather have to use regular expressions and (fuzzy)
string matching to filter out often-used codes and phrases. Using this approach, 21
of the 22 false positives detected by the Mask R-CNN model could be filtered out.
However, this does come at the cost of having more false negatives, with 585 false
negatives for the Mask R-CNN model after filtering, compared to 468 false positives in
the original setting. A substantial portion of these false negatives came from redactions
where Tesseract was not able to extract text due to the small size of the redaction (such
as the bottom-left redaction in Figure 3.5c.) Although the precision of the model is
increased from .90 to .96, the recall of the model has dropped from .92 to .84 resulting
in a decrease of the F1 score of the model from .91 to .89. Although the drop in
performance is relatively small, and in cases where precision is important this approach
might be reasonable, it introduces another layer of complexity in the detection pipeline,
where specific rules have to be crafted to strike a balance between false positives and
false negatives.

3.5 Discussion & Future Work

Although both neural methods outperform the OCR+Morphology model in both ex-
periments, they only operate on the images of pages, and do not explicitly use the
textual information. We tried incorporating textual information using Tesseract as
a post-processing step to improve model performance, but found that this approach
resulted in a net decrease in model performance.

Future work in this direction could look into incorporating textual information in
a more sophisticated manner, for example by using a multi-modal approach where
a textual- and visual model are trained simultaneously to recognize when text in a
redaction is acceptable (being a code for example), or when this indicates a false
positive.
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3.6 Conclusion

In this chapter, we set out to investigate the efficacy of modern image segmentation
models for the task of redacted text detection, measured on a collection of annotated
Dutch FOIA documents. We compared two neural instance segmentation models with
a strong rule-based baseline from the literature. Models were trained and tested on
documents released after a request based on the Freedom of Information Act. Both
neural methods significantly outperform the rule-based method: they pick up more
redactions, make fewer mistakes and are also more robust to realistic data containing
pages without redactions. The Mask R-CNN model performed best, with a precision
and recall of .96 and .94 respectively when trained and tested on pages with redactions.
This dropped slightly to .90 and .92 when adding hard negatives in the form of pages
without redactions. We additionally conducted an experiment to filter the output of
the Mask R-CNN model using Tesseract to reduce the number of false positives. We
found that although effective in reducing false positives, this approach also increased
the number of false negatives, resulting in a net drop in performance of the resulting
model. We ported the simple and appealing rule-based baseline from Bland et al. [15],
which worked well on digital documents, to scanned documents, but found that the
used heuristic is too brittle for this more “dirty data,” leading to subpar performance
compared to the other methods.
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A Collection of FAIR Dutch Freedom of
Information Act Documents

As we alluded to in the introduction, the collection and publication of FOIA documents
is an involved process, especially when done on a large scale with many different data
suppliers, and where one has to deal with different organizations all having slightly
different formats and standards. Using the techniques discussed in the previous two
chapters, as well as others, we set out to create a large collection of Dutch FOIA
documents, which we refer to as the Woogle dataset. This dataset is enhanced so that it
has a consistent set of metadata, as well as data that adheres to FAIR data principles.
By creating this dataset, we hoped to learn more about the process of digitizing such a
collection, the practical challenges, and the opportunities such a dataset can bring.
Therefore, we aim to answer the following research question in this chapter.

RQ3 What lessons can be learned from a Living Lab of FOIA documents?

We answer this question by collecting FOIA documents from over a thousand suppliers
using automatic web-scraping, and by using the techniques we explored in Chapters 2
and 3, as well as others, to standardize the contents and the metadata of the collection.
Through the development and the usage of the collection in several research projects, we
have been able to learn some valuable lessons from this Living Lab, most notably that,
with the right tools and protocols, it is possible to create a large high-quality document
collection, without the need for expensive specialized software or infrastructure, and
that this resulting dataset is a valuable resource for research into these FOIA documents.

4.1 Background & Summary

Like over a hundred countries worldwide, the Netherlands has Freedom of Information
Act (FOIA) legislation, requiring governmental institutions to release documents related
to their decision-making process to the public, either passively or proactively [99].
Generally speaking, the aim of this kind of legislation is to increase government trans-
parency, allowing citizens to examine the decision-making process, addressing possible

This chapter was published as R. van Heusden, M. Larooij, J. Kamps, and M. Marx. A collection of
fair dutch freedom of information act documents. Scientific Data, 12(1):795, 2025. ISSN 2052-4463. doi:
10.1038/541597-025-05052-2. URL https://doi.org/10.1038/s41597-025-05052-2.
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inconsistencies, and therefore facilitating the proper functioning of the democratic
process [94, 123].

Apart from the benefits for the democratic process, a collection of these FOIA
documents can also be valuable for different disciplines within the research community.
However, the current creation- and publication process of these kinds of documents in the
Netherlands makes it very difficult to use this potentially valuable resource in research,
as it often fails to adhere to the FAIR data guidelines outlined by Wilkinson et al. [122].
Currently, each agency is responsible for publishing their own records, usually on their
own platform or website, with little to no coordination between agencies on what kinds
of metadata are included, and no standards on text quality and machine-readability.
The result of this is that conducting large-scale research across different agencies is
complicated, as the data needs to be collected from multiple sources, metadata needs to
be standardized, and there is no guarantee that the quality of the data is sufficient for
usage in research.

In an attempt to mitigate the aforementioned problems, and to make this valuable
resource of FOIA documents available as FAIR data, we created the publicly accessible
Woogle dataset. The Dutch FOIA is abbreviated as Woo and we ensure that Woo-data is
easily searchable, hence the name.

By creating a uniform set of metadata in a standardized format (e.g., ISO-dates for
all date related events, a fixed set of document types), we facilitate both the findability
and the interoperability of the document collection. The accessibility of the documents
is handled by not only having the documents be freely available, but also by having
persistent metadata, even if the source of the document no longer exists. Finally, the
re-useability of the dataset is addressed by having high-quality machine-readable text
available for the documents in the collection.

In 2022, the Dutch FOIA legislation was broadened significantly, to include not
only passive requests of documents (a request sent to a specific government agency),
but also requiring the active release of documents. This means that governing bodies are
obliged to release these documents on a public website satisfying quite strict technical
criteria, which resemble the FAIR principles.

In this chapter, we limit ourselves to the portion of the Woogle dataset containing
passive requests, as the collection of documents resulting from active release is currently
far from complete, and internationally rather unique. However, the process of collection
and FAlRification of these documents is identical to that of the passively released
documents.

Having such a broad collection of documents from a large number of organizations
provides a wealth of opportunities for multiple purposes. For instance, searching for
protected animal species like wolf, certain toads or deer yields hundreds of hits and
shows when, where and in what context governing bodies deal with this topic. Besides
facilitating search across different agencies, the collection also provides a wealth of
information for researchers in both the computer science and political science domains,
allowing for example the large-scale study of government policies on public housing
or refugees, or studies on the popularity of certain keywords or topics in the requests
for information. For the field of Natural Language Processing (NLP), it not only opens
up the possibility of several forms of text analysis, but also allows for the training
of new language models that are better tailored to this specific domain. This can in
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turn be used to provide improved interaction with these documents, with for example
simplification or automatic summarization of the information, making this type of
information accessible to a larger number of people (which after all is their main
purpose).

Although the source language of the Woogle dataset is Dutch, the usefulness of
the dataset is not limited to Dutch research efforts only, and the dataset can also be of
value to the international research community. The presence of high-quality metadata
means that it is possible to filter documents based on specific criteria, such as a certain
time period, or a certain organization, and then further process those files. One can for
example select only files from the Dutch parliament during the COVID-19 pandemic,
and then use automatic translation to translate the documents into another language for
further analysis. The advantage of this corpus is thus not only the information itself, but
also its structured format, which avoids having to manually retrieve this data, which
can be especially troublesome for someone not familiar with the structure of Dutch
governing bodies, as well as avoiding having to translate the entire corpus, where now
only translating a subset would be sufficient.

Throughout Europe and the United States, there are several similar initiatives and
collections regarding released FOIA documents, both on the national- and regional
levels. Examples of regional collections and initiatives can be found in Hamburg,
where a search engine for government documents was launched in 2014, and Brussels,
where a similar effort to digitize FOIA documents was undertaken. ! > An example of a
national database of FOIA documents is the Norwegian Electronic Public Records (OEP)
platform, which contains roughly 70 million documents from municipalities, ministries,
and several other governmental agencies. > The platform allows users to search the
collection and maintains an agenda of political meetings for which documents are
available in the repository. In a similar vein, the European Parliament has also created
an online portal for accessing previously released documents, and provides means for
citizens to request information that is not (yet) available online. *

There are also several related initiatives regarding the publication of FOIA docu-
ments in the United States, the two most prominent examples being the FOIArchive
from the History-Lab project and the collection of documents released as part of the
FOIA Project from the TRAC research center at Syracuse University. > ® The History-
Lab collection consists of eight subcorpora, totaling roughly three million documents
ranging from 1861 to 2013, and is among the largest collections of de-classified govern-
ment documents in the United States. Apart from the ability to search the document
collection, the corpus also contains automatically extracted topics and Named Entity
annotations. The FOIA Project dataset from the TRAC research center consists of
roughly 9,000 documents relating to decisions made on the withholding or releasing
of data by the United States federal government, including formal decisions as well as
the results of lawsuits regarding publication. Apart from merely having these FOIA

Ihttps://transparenz.hamburg.de/ueber-un
2https://transparencia.be
3https://einnsyn.no/statistikk/generell
“https://www.europarl.europa.eu/RegistreWeb/home/welcome. htm?
Shttp://history-lab.org

https://foiaproject.org
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documents available as online information, the dissemination of the data also facilities
the development of more complex analyses of different aspects of the data. An example
of this is the COVID-19 Archive Prototype, which is a collection of emails from an
American medical expert, obtained through FOIA requests, and extracted from the
History-Lab collection. 7 The data was processed so that it can be filtered not only by
content, but also by automatically extracted topics. A part of the History-Lab collection
was also used for the development and testing of a system for automatically extracting
important events in government documents using Machine Learning techniques [20].

The rest of the chapter is organized as follows. Section 4.2 starts with an explanation
of the used model of FOIA dossiers, and its operationalization used in the dataset. We
continue with an overview of the dataset, the collection process, and the FAIRification
process. Section 4.3 contains a detailed description of the different types of information
included in the dataset, and Section 4.4 elaborates on the validation performed on the
quality of the dataset. We conclude with some final notes on best practices for using the
dataset in Section 4.5 and the usage of third-party software in Section 4.6.

4.2 Methods

4.2.1 Dataset Structure

In the dataset, we follow the structure of a typical FOIA request, where each received
request is considered a dossier, containing two mandatory files (the original request
and a decision letter, detailing whether the request was granted or denied, and for what
reasons) and, depending on whether or not the request is granted, an inventory list of
released documents, and the released documents themselves (often partially redacted).

Both the dossier and the documents contained within it come with a standard set of
metadata. A dossier typically has the following metadata associated with it. First, the
date of the original request and the date of the decision letter Second, the actual request
(information need) and the decision (granted or denied) Key metadata of documents are
whether they are fully or partially made public (that is, whether they contain redacted
text), the legal reasons applied to refuse publication of certain parts of the text, and the
kind of document released.

The advantage of this document structure is that it is somewhat universal, at least
from the perspective of having a dossier structure associated with a request. The
same model has also been applied to a collection of Estonian FOIA documents, and
it resembles the model of a structured literature search, with distinct groupings of
documents into clusters [17, 116].

4.2.2 Dataset Overview

The dataset presented in this chapter is a static version of the documents in the Woogle
search engine on 04-11-2024. The portion of the Woogle dataset relating to the pas-
sively released FOIA documents contains 13,529 dossiers, 121,175 documents and

Thttps://covid19-prototype.history-1lab.org
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Figure 4.1: Distribution of the number of pages per dossier, with log-x scale (N=13,529,
w=158)

Document Type Number of Pages Number of Words
Released Documents 1,825,461 322 million
Decision Letter 245,349 47 million
Original Request 25,554 4 million
Inventory List 25,736 4.5 million
Total 2,122,100 377.5 million

Table 4.1: The number of pages and number of words for the four different document
types in the dataset.

2,122,100 pages. The dataset contains around 378 million words, with 4.2 million
unique words. The dataset contains documents released between 2001 and 2024.

Figure 4.1 gives an overview of the distribution of the number of pages per dossier,
and Table 4.1 gives an overview of the distribution of pages and words over the four
documents types discussed above.

Figure 4.2 provides an overview of the types of suppliers of dossiers, as well as the
number of released dossiers through time. The majority of the dossiers originate from
either ministries or municipalities, and the majority of dossiers have been released over
the last five years. The inner ring shows that the production of dossiers within types of
governing bodies is rather balanced and not Pareto distributed.
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Figure 4.2: Distribution of dossiers of 59 suppliers (inner ring), grouped by the type of
organization (outer ring) (a), Distribution of the number of dossiers released each year
(from 2001 to 2024) (b)

4.2.3 Dataset Collection

All the FOIA dossiers released by Dutch ministries are published on a central open
government platform. 8 On this platform, filters can be applied to download only the
passively published documents (Beslissing op Wob-/Woo-verzoekin Dutch), and the
results can be filtered to include only documents from ministries. Several municipalities
are subscribed to the OpenPub platform, where they publish their FOIA documents,
which can be accessed through an API.

Most governing bodies which are not local governments use somewhat standardized
centrally provided publication software, where the information can be extracted in
a way similar to the way in which the ministry documents are extracted. For other
government bodies, custom scraping software was built to extract the information from
the respective agency website.

A more detailed description of the scrapers and their source code is also available
(in Dutch) on GitHub as well as in the DatasetCollection notebook present in the
dataset repository. ° According to Dutch law, documents released under the Freedom
of Information Act are by default subject to the CC-BY license, allowing re-use, if
appropriate credit is given.

4.2.4 FAIRification

We strive to collect all basic metadata described above in the FOIA dossier model in
our scraping process. If it is consistently made available, we collect it and normalize
the data (converting different dating conventions to ISO format, classifying different
requester types). The type of the document (decision, request, released document
and inventory list) is not always explicitly listed, and thus has to be extracted using
heuristics based on the filename and file-type. We attempt to obtain machine-readable
text from the documents using the pdftotext software if a text layer is available in the

8https://open.overheid.nl/
https://github.com/wooverheid/WoogleDocumentatie
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PDF document. ' If this is not the case, or if the quality of the original text is too
poor, Optical Character Recognition (OCR) software is used to extract text from the
images. Tesseract version 5 with Sauvola binarization is used for OCR. !' Detecting
whether a document needs to be OCRed is also a heuristic process performed with the
OCRmyPDF software. '> We store both the original text (obtained from the PDF using
pdftotext), and the text obtained by Tesseract.

Text Quality

For assessing the overall text quality of a document, it is meaningful to have a single
score indicating the machine-readability of that document. We refer to this score as the
FAIRIscore, which rates the overall readability of a document according to five classes
from A to E, where E is the lowest and A is the highest. The explanation of the classes
is given below. The name, the 5 FAIRIscore values, the colors and the assignment of
values to items have been inspired by the Nutri-Score [21]. To determine whether a page
is scanned in, we use the MuPDF software to determine whether or not a page contains
an image that covers (almost all of) the page, indicating a scan. '3 Note that there is no
standard procedure to test whether a PDF document is “digital born”, meaning that it
has been created for instance by an export-as-PDF command in Word. Therefore we
must resort to these heuristic methods.

* A None of the pages in the document has a page-covering image, and the original
text of the document contains at least 100 characters on every page.

* B The document contains some (but not only) page-covering images, but the
average Jaccard similarity between the original text and the OCRed text over
all pages in the document is larger than .9. Also true if the document contains
no page-covering images, but some pages have less then 100 characters in the
original text.

¢ C The document contains some (but not only) page-covering images, and the
Jaccard similarity between the original text and the OCRed text over all pages
of the document is less than .9 but higher than the mean similarity over all
documents.

* D The document contains some (but not only) page-covering images, and the
Jaccard similarity between the original text and the OCRed text over all pages of
the document is less than the mean similarity over all documents.

* E The document contains no machine readable letters in the original text, and all
pages in the document consist of page-covering images.

Figure 4.3 gives an overview of the FAIRIscore distribution for all the documents
released by ministries. In general, the quality of the documents released by the ministries

0https: //www.xpdfreader.com/pdftotext-man.html
Mhttps://tesseract-ocr.github.io
2https://ocrmypdf.readthedocs.io/en/latest/
Bhttps://mupdf . com
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Figure 4.3: Distribution of the FAIRIscore for all FOIA documents released by ministries
(a) Distribution of the FAIRIscore for all FOIA documents released by ministries,
grouped by ministry (b)

is reasonable, with more than 75 percent of the released documents having a score of
either A or B. There is quite some variability between the different ministries however,
as shown in Figure 4.3, where for some ministries the number of documents of lesser
quality (score C or below) being more than half of the total number of documents.
We note that we deliberately have chosen not to include any automatically testable
PDF-accessibility criteria as described in PDF/UA and WCAG 2.1 because the vast
majority of the Dutch FOIA PDF documents does not adhere to these.

Page Stream Segmentation (PSS)

During the construction of the dataset, we found that in more than 90 percent of the
cases where documents were being scanned in, multiple documents were scanned-
in consecutively, and ended up being saved as one large PDF file. Naturally this is
undesirable, as we want the individual documents to be findable, and not only have
them as part of a very large PDF file, without document-specific metadata. The task
of reconstructing the original documents from these streams of pages is known in the
literature as Page Stream Segmentation (PSS), and several approaches based on Machine
Learning techniques have been proposed for this task. Most recent approaches to this
task use methods based on neural networks to classify individual pages on whether or
not they start a new document, using both textual- and visual features [18, 46, 121]. The
segmentation of the documents in the Woogle dataset is performed using the text-based
method from Wiedemann and Heyer [121]. The reason behind using this approach is
that previous research has shown that this leads to models that are more robust to input
from different sources (as opposed to image-based models), which is important for the
Woogle dataset, as there is a large number of different document suppliers [110].
Figure 4.4 shows the distribution of the number of documents of the Released
Documents class in a dossier, after the application of the segmentation algorithm. We
focused on this class as it is most prone to containing document scans, given that the
documents might come from various different sources, whereas decision letters are
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Figure 4.4: Distribution of the number of documents of the Released Documents class
per dossier after applying PSS (N=4,377, u = 44, log-x scale).

often a single document created via text-processing software. After applying PSS to
the Released Documents, the number of documents increased from 37,570 to 192, 663.
The median document length decreased from 26 to 5 pages, and the longest document is
now 2, 755 pages long, compared to 4,401 pages before segmentation. The algorithm
was evaluated in previous work, where it achieved an F1 score of .78 measured on two
datasets [110].

Redacted Text Detection

As some of the information in the documents is confidential or privacy-sensitive, organi-
zations will redact the confidential information from the document before releasing it to
the public. However, as there is no clear standard for redaction practices or redaction
software, a plethora of different methods is used, from automatic redaction using regular
expressions to manual redaction by pen. Although some of these methods retain the
original metadata of the document (such as the embedded text), other methods, such
as the printing, redacting and scanning techniques, do not preserve this information.
As a result, text-to-speech software might not know how to properly deal with these
redactions, and thus a PDF containing text redaction might be unintelligible when read
aloud by a computer. To provide an overview of the extent of redaction in the dataset,
we measure the amount of redacted text using Machine Learning techniques. The used
algorithm for detecting redacted text is described in van Heusden et al. [106].

For the 1,172,713 pages for which the analysis was performed, 523, 603 of them
(around 45 percent) contained at least a single redaction, with a total of 4, 359, 857
redactions on these pages (around eight redactions per page). On pages that contained
at least a single redaction, the median percentage of redacted characters was around
eighteen, and around two percent of these pages were completely redacted. Figure 4.5
shows examples of the different styles of redactions in our corpus. Figure 4.6 shows the
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Figure 4.6: Distribution of the percentage of non-whitespace characters on a page that
are, for pages that contain at least one redaction (N=523,603, median=18%)

distribution of the portion of the characters on a page that is redacted. The performance
of the algorithm is evaluated in previous work, with an F1 score of .77 on a manually
annotated test collection [106].

4.3 Data Records

The dataset is available at the DANS Data Station for Social Sciences and Humani-
ties [111]. The data presented in this chapter is stored in three separate files in the dataset
folder, namely the woo_dossiers.csv.gz, woo_documents.csv.gz, and woo_bodytext.csv.gz
files, containing the dossier, document, and page metadata, respectively. Apart from
this, the actively released documents are also stored in the dataset as extra material in
the EXTRA-active-release folder. The dataset is available under the CC BY 4.0 license,
allowing users to use and modify the data for their own purposes (giving appropriate
credit).!

4https://creativecommons.org/licenses/by/4.0/deed.en
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4.4. Technical Validation

The dossiers, documents and pages all have separate sets of metadata associated
with their records, which are stored in a separate file for each of these types. The
dataframes containing the records all adhere to the Boyce-Codd Normal Form (BCNF)
for databases. In these dataframes, the dc_identifier provides a unique ID for each of
the rows in the dataframe, and for the document and bodytext dataframes the IDs of the
dossier and documents respectively are included to allow the joining of the different
dataframes. The precise contents of the dataframes is detailed in Tables 4.2, 4.3 and 4.4.
The majority of these attributes are extracted automatically during the scraping process,
and some attributes are added after processing of the document, as those discussed in
the previous section. In the tables we only report on the missing values if they occur in
at least five percent of values for that attribute.

In addition to the datafields mentioned in Table 4.3, the dataframe with document
metadata contains an additional 9 metadata fields, all relating to metadata extracted
from PDF files using the pdfinfo tool.”> As these fields have data values for a very
small portion of the documents (between one and two percent of all documents), and
will generally not be available for scanned documents, we did not include them in
the description of the dataframe. As previously mentioned, the foi_bodyText attribute
contains the text of a page (if this was present, otherwise the text is extracted using OCR),
together with layout information of the text. For most use cases, such as constructing a
search engine, this information will be sufficient, however there might be instances in
which the original PDF has to be accessed. The dc_source attribute contains the URL
from which the document was originally retrieved. In some cases, this URL has become
invalid, for example because the structure of a website was changed. In this case the
dc_identifier attribute can be used to retrieve the original document from the the project
server using https://doi.wooverheid.nl/?doi= combined with the dc_identifier of
that particular record, for example https://doi.wooverheid.nl/?doi=nl.gm@148.
2k.2020.396.doc. 1 (a notebook with more information about this process is present
in the dataset).

4.4 Technical Validation

When evaluating the quality of a dataset, there are several key dimensions that should
be considered. Two dimensions that are commonly considered are Consistency/Validity
and Completeness [83, 85]. Here consistency or validity refers to whether the values
in a dataset are valid for that type of data (right datatype, in the right range), and
completeness refers to how much of all data is captured in the dataset.

We further decompose the completeness of our dataset into extrinsic and intrinsic
completeness, where extrinsic completeness refers to how much of the dossiers that exist
are present in the dataset, and intrinsic completeness refers to the amount of missing
values in the dataset.

In our case, the extrinsic completeness of the dataset is hard to measure, as the variety
of different suppliers and websites makes it difficult to judge how much of the suppliers
we have dossiers for. For the municipalities we have dossiers of 31 municipalities, out
of all 342 municipalities in the Netherlands. For the ministries we have dossiers for all

IShttps://www.xpdfreader.com/pdfinfo-man.html
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Field type  Description % NaNs
dc_date year date Year when the dossier was released -
dc_description string  Short description of the dossier contents 18
dc_identifier string  Unique dossier identifier -
dc_publisher string  Code of the dossier publisher -
dc_publisher_name  string Full name of the publisher -
dc_source string  URL pointing to the source of the dossier .07
dc_title string  Title of the dossier -
dc_type string  Type code of dossier -
dc_type_description  string Human-readable version of the dc_type -
foi_decisionDate date Date of decision on request A7
foi_decisionText string  Explanation of decision .98
Jfoi_isAdjourned string  Whether or not the request is adjourned .98
foi_publishedDate date Date of the publication of the dossier 17
Jfoi_requestDate date Date of original request .88
foi_requester string  requester type (organization, individual) .99
foi_retrievedDate date Date on which the dossier was retrieved -
foi_valuation string  Decision on a request .98

Table 4.2: Overview of the fields in the woo_dossiers.csv.gz archive, where every row
describes a dossier. The dc_identifier attribute is the primary key

Field Type Description % NaNs
dc_format string  Format of the document (MIME type) .38
dc_identifier string  Unique document identifier -
dc_source string  Source of the document (document URL) .40
dc_title string  Title of the document 49
dc_type string  Type of document -
foi_dossierld string Identifier of the corresponding dossier -
foi_fairiscoreVersions string FAIRIscore of the document -
foi_fileName string  Filename of the document -
foi_nrPages int Number of pages in the document -

Table 4.3: Overview of the fields in the woo_documents.csv.gz archive, where every
row describes a document. The dc_identifier attribute is the primary key, and the
foi_dossierld is the foreign key

of them, as these are published on a single platform, and can be scraped with a single
script. Our main focus is to ensure that, for the publishers that we have scrapers for,
we collect all of the dossiers that are published on their websites. We do this by, apart
from having scrapers to update the dataset daily, periodically re-scraping the websites
to catch any publications that might have had incorrect dates.

For all the dossiers that we collect, we attempt to retrieve the metadata listed in the
tables in Section 4.3. If this data is available, we parse the data, converting it into the
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Field Type Description % NaNs

foi_bodyText string Text of the page extracted using pdftotext 23

foi_bodyTextOCR string Text of the page extracted using Tesseract -

foi_bodyTextJaccard float Jaccard similarity between foi_bodyText and -
foi_bodytextOCR

foi_charArea int  Number of pixels on the page belonging to a 45
character

foi_contourArea int  Number of pixels on the page belonging to a 45
redaction

foi_documentld string Identifier of the document to which the page -
belongs

foi_hasOCR bool Whether there is OCR text available -

foi_imageArea float Percentage of a page that is covered by an image -

foi_imageCoversFullPage bool Whether a single image completely covers an -
image

foi_isFirstPageOfNewDoc bool Whether a page is the start of a new document 43
(PSS analysis)

foi_nrRedactedRegions int  Number of individual redacted regions 45

foi_pageNumber int  The number of the page within a document -

foi_percentageCharAreaRedacted float Percentage of the characters on a page that is 45
redacted

Percentage of the total text area that is redacted

foi_percentageTextAreaRedacted float (including whitespace) 45
foi_redacted bool Whether there is redaction present 45
foi_textArea int  Number of pixels on a page which belong to text 45

Table 4.4: Overview of the fields in the woo_bodytext.csv.gz archive, where every
row describes a page. The foi_documentld is the foreign key, and the foi_documentld
combined with the foi_pageNumber attribute is the (composite) primary key

required format. This includes converting dates to ISO format, standardizing dossier-
and document types into the pre-defined sets of allowed values (e.g., a document type
must belong to the four discussed types) or translating fields to binary attributes. To
ensure the validity of the data, this parsing includes validation of the input, i.e. ensuring
that parsed dates and numerical values are within the expected range, and that binary
attributes only contain boolean values.

Reporting on the intrinsic completeness of the dataset, we briefly comment on all
fields with at least five percent missing values. We start with the missing values in
Table 4.2. The dc_source attribute points to the original source (URL) of the document,
and in cases where PDF files were submitted directly to us by government agencies,
this URL is not available.

The dc_description, foi_decisionText, foi_isAdjourned, foi_requestlext, foi_request-
Date, foi_requester and foi_valuation attributes are all fields that are published by some
suppliers, but not by all, and also not (easily) extractable from the dossier contents.
The foi_publishedDate and foi_decisionDate are available for most suppliers, but when
agencies submit directly to us, they are not strictly required, and thus missing for
some dossiers. For the attributes in Table 4.3, the dc_format, dc_source and dc_title
attributes have missing values for more than five percent of their attributes. As with the
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dossiers, this information is not always supplied by suppliers, and automatic extraction is
complicated and not very reliable. For the pages in Table 4.4, the foi_bodyText attribute
has missing values as for about a quarter of the data there is simply no machine-readable
text in the document, possibly a result of scanning. All the other missing values in the
table are due to the fact that the PSS- and redacted text detection algorithms are rather
expensive to run, and were only included in the processing pipeline in mid 2023.

4.5 Usage Notes

Apart from the dataframes with the dataset, the repository also contains several note-
books that provide guidance on loading the data and working with the dataset. The
Woogledataset.ipynb notebook is the most important, as it contains instructions on how
to load in the datasets, and shows several examples on how to work with the data, as
well as containing the code used to generate the numbers and plots in this chapter. The
dataset described in this chapter is a static version of the contents of the Woogle search
engine, which is continuously updated with new documents. This static dataset has
version number 4, which can be used to access the version of the dataset associated with
this chapter. Since the number of documents collected is constantly increasing, new
versions of the dataset will be made available through DANS in the future.

4.6 Code Availability

For the collection of the dataset, web-scrapers coded in Python were used, together
with code to periodically fetch data from APIs, the code is available on Github.!¢ The
code used to perform the PSS segmentation and redacted text detection is available on
GitHub.'”!® The usage of other third-party software used in the creation of the dataset
has been detailed in the Methods section.

4.7 Conclusion

In this chapter, we aimed to investigate the feasibility of creating a large, searchable
collection of Dutch FOIA documents, using a strict metadata scheme and automatic
processing techniques, including the ones described in Chapters 2 and 3. To this extent,
we created the Woogle dataset, collected through web-scrapers, from over a thousand
suppliers of FOIA documents. We standardized the structure of the collection into
dossiers, documents, and pages, with a uniform set of metadata associated with each
record. We performed OCR to make the documents have machine-readable text and be
searchable, and we performed page stream segmentation and redacted text detection
to further enhance the quality of the collection. By using these techniques, we have
shown that, with some effort, it is possible to create a large searchable collection of

1https://github.com/wooverheid/WoogleDocumentatie
Thttps://github.com/irlabamsterdam/OpenPSSbenchmark
8https://github.com/irlabamsterdam/TPDLTextRedaction
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4.7. Conclusion

FOIA documents with mostly off-the-shelf methods, and that such a collection can be a
valuable resource for research.
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Elements Like Me: BCubed Revisited

The task of clustering is well known in the field of Machine Learning and has many
applications within different disciplines. This has also resulted in a variety of different
evaluation metrics being proposed for the task. Unlike the task of classification, where
metrics such as precision, recall, and F1 are ubiquitous, there is much less consensus
within the field of clustering regarding the preferred method to evaluate the performance
of clustering methods. In this chapter, we will investigate the BCubed metric [5], a
well-known metric for the extrinsic evaluation of a clustering, i.e., where labeled data
is present. The BCubed metric operates by, for each element in a set of elements,
calculating precision and recall scores based on the overlap between the clusters that
the element is in, in the reference and hypothesized segmentations.

Although widely used for evaluating clustering algorithms, the BCubed metric has
several shortcomings, one of them being that the metric can never become zero. Since
this and other qualities are important for evaluation metrics, we aimed to fix these
shortcomings and thus proposed the following research question.

RQ4 Can the BCubed metric be repaired in such a way that its shortcomings are
addressed while still maintaining its desirable theoretical properties?

We answer this question in the affirmative and propose the ELM metric, which is a
modified version of BCubed, which differs in the element-wise calculations used by
BCubed, by not including the element itself in these calculations. We prove theoretically
that the ELM metric can obtain this zero score, behaves well on degenerate clusterings,
and can produce a different ranking of clustering algorithms when compared to BCubed.
We continue with an empirical comparison of the two metrics, again showing that ELM
can produce rankings of clustering algorithms that are different from those of BCubed.

Finally, we prove that, like BCubed, ELM satisfies a set of constraints posed
by Amigé et al. [3] that ‘good’ clustering evaluation metrics should satisfy.

This chapter was published as: R. van Heusden, J. Kamps, and M. Marx. Bcubed revisited: Elements
like me. Discover Computing, 27(1):5, 2024. doi: 10.1007/s10791-024-09436-7. URL https://doi.org/
10.1007/s10791-024-09436-7.
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5. Elements Like Me: BCubed Revisited

5.1 Introduction

We review the external clustering performance metric BCubed [5], indicate a flaw and
propose a repair. We then evaluate the repair both theoretically and experimentally.

In essence, clustering and (single label) classification perform the same task: given a
set of items F, they partition £. However, when it comes to evaluation with comparison
to a gold standard, things are very different.

With classification, the number of blocks in the partition is known (the set of labels),
and a mapping exists between the true blocks and the predicted blocks (namely the
identity mapping on the labels). So, counting errors is straightforward by making the
cross table of predicted and gold truth values (the confusion table), and computing
precision and recall as the diagonal divided by the two margins, respectively.

With clustering, there is (at prediction time) no known number of blocks (as the
label set is unknown), and there is no mapping between the predicted blocks and the
true labels. This makes counting errors much less straightforward, witnessed by the
numerous proposals on how to do this, nicely surveyed and classified by Amigo et al.
(3]

The BCubed measure, proposed by Bagga and Baldwin [5], sidesteps the problem
of matching true and hypothesized clusters. It does not measure errors over the clusters,
but computes a precision and recall value for each element, and then takes the average.
Le., the recall for element e is the fraction of the true cluster of e that is contained in
the predicted cluster of e. As each element e is contained in both its true and predicted
cluster, both recall and precision of e are always larger than zero, even when a predicted
and true clustering are disjoint except for the element e. This can be repaired by
leaving out e itself in the calculation of precision and recall of e. In this chapter, we
investigate this alternative definition of BCubed (Section 5.2), evaluate the new metric
both theoretically and empirically (Section 5.3), and conclude that it retains all positive
properties of BCubed, yields a minimum zero score when it should and can produce
different rankings for predicted clusterings when compared to BCubed.

5.2 BCubed Revisited

Let Ebeasetand N7 and N two clusterings (partitions) of £, corresponding to the
true and hypothesized clustering, respectively. We use NI to denote the block in N7
containing e, and similarly for N7 and N*!. Figure 5.1 shows how precision and recall
relative to an element e are defined given the true and hypothesized clusterings N7 and
NH,

The BCubed measure for a given clustering is then the average harmonic mean (the
F1-value) of the precision and recall for each element. This F'1 value is what is denoted
by “BCubed” or “BCubed score” in the literature, a convention also followed in this
chapter. This harmonic mean is usually defined as 2PR/(P + R), but the equivalent
direct definition is insightful here as well. Let A @ B denote the symmetric difference
of the sets A and B. Then
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N,}I st NT
TP, P(e) = INF 0 NT|
 FP, . FN, R
Oy N n N7
R(e) =
i INZ|

Figure 5.1: Comparing the elements in the true cluster N of e to those in the predicted
cluster NeH of e. TP, FP,, and F N, represent the sets of True Positives, False
Positives, and False Negatives for e, respectively. P(e) and R(e) are Precision and
Recall relative to e

_ NI n NT|
~ INE N NT|+.5-|NHo NT|’

Fl(e) 5.1

Figure 5.1 shows that T'P,# (), as e is always in T'P. and thus that precision, recall
and F1 are always positive for each element, implying that the BCubed score of a
clustering is never equal to zero.

Having a meaningful zero point is a requisite for a metric to be measured on ratio-
scale. We can say that a score of zero is meaningful if none of the predictions was
correct, thus when all items in the contingency table are off the diagonal. Let us
formulate this as a desideratum for a clustering metric:

(ZeroScore) For every true clustering, there is a predicted clustering with score 0.

BCubed fails the ZeroScore constraint and can even give quite a high score of .66
to an absolutely wrong prediction. Consider this simple example: £ = {1, 2} and the
true clustering N7 is { E'}. Now let the predicted clustering N be (the only other
possibility) {{1},{2}}. Obviously it is wrong, but for both elements e, P(e) = 1, as it
makes no mistakes, R(e) = .5, as half of the true elements of the block of e are in its
predicted block, and so F'1(e) = .66. Taking the mean F'1 over all elements, we get a
BCubed score of .66 for this predicted partition.

In fact, because T'P, can never be empty, BCubed fails the ZeroScore constraint in
a much stronger manner: for every true clustering there is no prediction with score zero,
BCubed can never be equal to zero.

In order to repair BCubed so that it does satisfy the ZeroScore constraint, we only
need to remove e from both N7 and NI . Thus NI now denotes the set of all elements
in the same true cluster as e except e itself, and similarly for NI . We call these the
neighbors of e. Then TP, =N N NI can be empty, and thus all measures can be
equal to zero. The price paid for this is that we may divide by zero in the definitions of
P, R and F'1 and thus must account for that. So all definitions remain the same, but we
add the following provisos:

« IfNH =0, P(e) = 1.
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« fNT =0, R(e) = 1.
« If NT=NH =, F1(e) = 1.

With these rules the new definitions yield the same scores as the original BCubed
definitions on the singleton cases. In the first case, the hypothesized cluster containing e
is {e}, thus no mistakes for e can be made. In the second, recall for e is indeed perfect,
and a perfect F1 score for a true singleton is of course only obtained if we exactly
predict that.

It is easy to see that with this proviso the definition of F'1(e) as in (5.1) is still
equivalent to the often used 2PR/(P + R) formulation.

5.2.1 A New Name

In the rest of the chapter, we further evaluate this repair. But let us first give it a
name. The BCubed measure was introduced by Bagga and Baldwin. In a footnote they
attribute the idea of BCubed to Bierman, and thus the cubed Bs. We opted for ELM, an
abbreviation of Elements Like Me, which is a good mnemonic of the way we compute
the repaired BCubed measure.

5.2.2 First Impression of the Differences

The following example gives a good impression of the difference between the two
measures. Let I be the set consisting of the first 15 digits, and let it have the following
true clustering

{{1,2},{3,4,5},{6,7}, {8}, {9}, {10,11,12}, {13, 14}, {15} }. (5.2)

We have generated all possible predictions with the proviso that each cluster must
consist of consecutive elements. For a set of N consecutive elements, there are 2V —1
of these. For 15 elements, this results in 16,384 possible predicted partitions. Figure 5.2
shows the distribution of the BCubed and ELM scores for all these predictions. Both
scores are approximately normally distributed and 25 percent of the ELM scores are
below the lowest BCubed score. The ELM scores are more evenly spread over the
possible scores. Not only does BCubed start higher, its variance of .006 is much lower
than the .02 for ELM. ELM and BCubed can also rank clustering systems differently:
in this example, 18% of all (2'4 x 2'3) pairs of predictions are ranked differently by
ELM and BCubed.

The Kendall-Tau 3 statistic (which accounts for tied ranks) between the ELM
and the BCubed-based ranking in this example is .63, also indicating that there are
substantial differences between the rankings produced by the two metrics.

5.3 Evaluation

We evaluate the new ELM metric both theoretically and empirically in a number of
ways:
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mean .65 .35
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Figure 5.2: Population density diagram of all BCubed and ELM scores for all 16,384
predictions of the model in (5.2) plus the main statistics.

1. Unlike BCubed, ELLM satisfies the ZeroScore constraint.

L2

2. ELM has good behaviour on extreme non-informed (referred to as “degenerate
by Beeferman et al. [9]) systems.

3. The ranking of clustering systems based on ELM can be different from the ranking
based on BCubed.

4. There are systematic differences between ELM and BCubed in synthetic experi-
ments.

5. There are systematic differences on a real dataset, with a state-of-the-art clustering
system based on BERT.

6. ELM satisfies the same four clustering metric constraints developed by Amigé
et al. [3] that BCubed satisfies.

We compare the BCubed and ELM versions of P, R and F'l using superscripts
Ppcuved, PELas RBcubed, RELM, F1BCubed and Flg . In the proofs, the preci-
sion, recall and F'1 scores over a set of elements E are defined as the average of these
scores over all elements in F.

5.3.1 ZeroScore constraint

Theorem 1. For every set I, with at least 2 elements, and a gold standard partition Np
over E, there is a clustering Ny over E such that for every e in E, Flgpp(e) = 0.

Proof. Let E and N T be as stated in the Theorem. Let E, C E be the set of elements
which are clustered into singletons. There are three cases: no true singleton clusters,
exactly one true singleton cluster or more than one singleton cluster. If there are no
true singleton clusters, simply let the predicted clustering partition E into singletons.
Recall that we now use N and N7 as denoting all elements in the same cluster as e
except e. In particular, with a true singleton cluster {e}, NI = (). Then for each e € E,
N2 =@ and | NI'| > 1 (as |E| > 2). And thus TP, = () and F'1(e) = 0, because the
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special clause for F'1 does not apply. If there is more than one true singleton cluster,
create the predicted clustering N as follows: one cluster E and for each e € E \ Es,
a singleton cluster {e}. Again, we must show that F'1(e) = 0, for each e € E. First, let
e € Es. Then NI = () and NT = E; \ {e}, which is not equal to () as F has at least 2
elements. And thus TP, = ) and F'1(e) = 0 because the special clause for F'1 does
not apply. If e ¢ E, the reasoning is as in the case without singletons. If E is itself a
singleton, say {s}, we proceed as follows. Because E has at least two elements, it has
another element different from s, say ¢. Let N H consist of the cluster {s,t} and, again,
for each e € E'\ {s,t}, a singleton cluster {e}. Using the same argument as above, for
eache € E, TP, = () and F1(e) = 0, as the special case never applies. O

5.3.2 ELM Behaves Well on Degenerate Clusterings

Theorem 2. Let N be a true clustering over a set E and N the clustering consisting
only of singleton clusters. Then P(e) = 1, forall e € E, and R(e) = F1(e) = 1 only
if NI = () and 0 otherwise.

An immediate corollary is that the ELM F'1 for the degenerate singleton clustering
is equal to the proportion of singletons in the gold standard partition.

Proof. Assume E, N7 and N*! are as in the theorem. In particular then N = (), for
all e € E. Then by the special clause in the definition, P(e) = 1 for all e, and R(e) =
Fl(e) = 1if NI = (). When NI # 0, still NI N N2 Np(e) = (), and thus both R(e)
and F'1(e) are 0. O

Now consider the other degenerate clustering: all elements are contained in one
cluster. Let N¥ be this degenerate all in one predicted clustering, with N7 the true
clustering over a set E. Then obviously, R(e) = 1, foralle € E. Because N7 = E\{e}

T
and thus N N N2 = NT' | the precision P(e)equals U‘\Lfl‘ — 1. And thus the mean
precision equals
Yecp NIl Yeenrlel- (el =1) _ Yeenr | =l

P

1Bl (B[-1) \El-(EI-1) —  [ER-|E]

where the ¢ € N7 denote the true clusters. Note that the BCubed mean precision for

2
this degenerate clustering is equal to % Also note that when we view the

clustering as a directed network partitioned into cliques, the ELM precision equals the
density of this network, which ranges from zero when each clique is a singleton to one
only if the network is complete and thus consists of one giant cluster.

We can conclude that for both degenerate clusterings, ELM gives the lowest reason-
able score.

5.3.3 ELM Can Produce Different Rankings Compared to BCubed

We give an example of a true clustering and two predicted clusterings (which can be
seen as two competing systems), which are ranked differently by ELM compared to
BCubed. The clusterings are over the set E = {1,2,3,4,5} and are given in the first
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Table 5.1: F'1 scores per element and the mean, for the given true and two system
clusterings over the set {1,2, 3,4, 5}, according to both BCubed and ELM.

True ]
Hy I

Hy I

Metric System 1 2 3 4 5 Mean
BCubed H; 2 2 1 1 1 .87
BCubed H, 1 1 % 3 &+ .82
ELM H 0 0 1 1 .60
ELM Hy, 1 1 2 2 .66

3 rows of Table 5.1, with for example H;, depicting the clustering {1}, {2}, {3,4,5}.
The other rows compute F'1(e) for each element, for each clustering and using ELM
and BCubed. System Hs is better according to ELM while H; is better according to
BCubed.

Both H; and H; contain one error, but the error in Hs is in the larger cluster.
Clustering intuition says that errors in smaller clusters should be penalized more than
errors in larger ones, and that is what ELM does here, and BCubed does not.

5.3.4 ELM vs BCubed on synthetic data

We expand on the small synthetic experiment conducted in Section 5.2.2 by computing
the BCubed and ELM scores for all clusterings of size 14 against all other clusterings of
size 14. As there is a total of 2141 possible clusterings, we thus have 8,192 experiments,
with each of these experiments producing two rankings of the predicted clusters, one
for BCubed and one for ELM. The distribution of these scores is shown in Figure 5.3.
To further investigate the differences between BCubed and ELM when used to rank
systems, we calculate the Kendall-Tau statistic between all rankings and also look at
the number of system pairs where the order was swapped between BCubed and ELM
(which is part of the calculation of Kendall-Tau). The number of pairs where the ranking
order was swapped between BCubed and ELM was roughly 39 billion out of the 274
billion cases (14%). The Kendall-Tau over all pairs of rankings is normally distributed
with a mean of .70 and a standard deviation of .06, also similar to the example in
Section 5.2.2.

Figure 5.4 shows the distribution of the fraction of the number of swaps for all of
the 8,192 experiments. Thus each datapoint is the fraction of possible system pairs
where the order between the ranking between BCubed and ELM was swapped for
that particular ranking. The y-axis represents all 8,192 rankings and indicates what
percentage of all rankings has a certain fraction of swaps. To investigate which type of
ground truth clusterings result in the largest number of swaps, we employ the Pearson
correlation between the entropy of the ground truth clustering and the number of pairs
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8 Mscubed=0.63
Hem = 0.34
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Figure 5.3: Population density diagram of BCubed and ELM scores between all possible
pairs of ground truth and predicted clusterings of size 14 plus the main statistics
(N=213 3 212))'
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Figure 5.4: The fraction of the number of pairs with reversed orderings between
BCubed and ELM for all rankings for all clusterings with size 14 (N=8,192) plus the
main statistics

swapped in the ranking. The entropy for a given ground truth clustering N7 is given by

entropy(NT) = — Z p(C) *logy(p(C)) , where p(C) = —;.
CeNT

The Pearson correlation between the entropy of a ground truth clustering and the
number of swaps for that ground truth was .81 (/N = 8, 192). As clusterings that have
more small elements have higher entropy, this means that the number of swaps tends
to be higher when the ground truth has a larger number of small clusters. This is as
expected as the difference between ELM and BCubed is larger on smaller clusters.

5.3.5 ELM Vs. BCubed on Real Data

We compare ELM and BCubed for three fixed cluster-size baselines and a clustering
algorithm using BERT [33] on a large dataset consisting of 110 samples (separate
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Table 5.2: Mean BCubed and ELM precision, recall and F'1 scores for the BERT based
clustering model evaluated on the Page Stream Segmentation dataset (N=34).

Precision Recall F1

BCubed p=.93,0=.07 pu=.85,0=.26 p=.83,0=0.24
ELIM 1 =.92,0=.08 p=.85,0=.26 p=.80,0=.24

clustering problems) with in total 24,180 true clusters over in total 89,491 elements. The
mean and median cluster sizes are 4 and 2, respectively. Each sample is a sequence of
pages of text divided into documents. Thus each cluster consists of a document, which
is a continuous sequence of pages. The elements are thus the pages. This scenario is
common in the field of Page Stream Segmentation [121]. On average roughly 35% of
the clusters in a stream are singleton clusters.

Following Bagga and Baldwin [5] and Amigé et al. [3], we report the mean average
F'1 scores. Thus for every sample E in our test set, we take the average over the F'1(e)
for each e € E, and then we take the mean over all samples in the test set.

The dataset, together with the code for all the experiments conducted in this chapter
is available on GitHub!. For the experiments with the BERT model, the dataset was
split into a 70% train and 30% test set.

As the fixed page size baselines are not learned, we can use the entire dataset (train
and test) for these experiments. The BERT model is evaluated on the test part of the
dataset, consisting of 34 samples with 6,347 clusters over 25,676 elements.

We first compare the precision, recall and their harmonic mean for BCubed and
ELM on three fixed baselines: the two degenerate clusterings with only singleton
clusters and one giant cluster, and a more sensible baseline that evenly partitions a
sample into clusters of the mean true cluster size of that sample. The results are shown
in Figure 5.5. Note how the plots for precision for the all-singleton prediction and
recall for the one-giant-cluster prediction show constant values of 1 for both ELM and
BCubed. The plots indicate that the smaller the cluster sizes in the predicted clustering,
the larger the difference in both the mean and standard deviation of BCubed and ELM,
for all 3 measures, again as expected.

We will now cluster this dataset using the BERT model for Page Stream Segmenta-
tion from Guha et al. [46]. In short, this model creates textual representations of each
page using a BERT model, and then uses this representation to divide the pages into
pages starting a new document and other pages. This classification is equivalent to a
clustering. We follow their experimental setup, replacing the English bert-base model
with the Dutch version? as the dataset is in Dutch. We train the model for 10 epochs,
using a batch size of 512 and a learning rate of 2e 7.

Table 5.2 shows hardly any difference in precision and recall, but still a three percent
point difference in F'1 score. The KDE plots of the differences in Figure 5.6 show the
same trend.

This result shows that the differences between ELM and BCubed do not only exist

Thttps://github.com/irlabamsterdam/elm.
2https://huggingface.co/GroNLP/bert-base-dutch-cased

75


https://github.com/irlabamsterdam/elm
https://huggingface.co/GroNLP/bert-base-dutch-cased

5. Elements Like Me: BCubed Revisited

Singletons
& &
it it
£ u=014 =014
[ ]
| i u=0.34 ' i p=0.44
Pscubed = Perm =1 : \ \
ia\.\=0.18 \.\g=o,19
i= 16 oi=0,16
A \
\" ..... — : \'\ ..... —
Mean Document Length in Stream
o G H=0.58
i\ i\
[ 4 =039
i/ n=0s5 it
I =043 1 :\-\
- 8/ |
=082 |- [
£\ y=071 R 1)
\ R i
I iR | o=0i15"
/. ia=009/ j =413} | PR
a5V, g ; -~
/./ P\./ a \.\.> A \\74‘/
Giant Cluster
A f“.\ =0.14 BCUBED
| 3 —-= ELM
i-o1 \ i=0.16
=012 A
i Racubed = Rerm =1 i
i\ Y
i :
i
2%

00 02 04 06 08 10 00 02 04 06
Precision

08 10 00 02
Recall
Figure 5.5: Distributions of mean average Precision, Recall and F1 for BCubed and

ELM for the three fixed baselines (only singletons, one giant cluster, and each cluster
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Figure 5.6: KDE Plots of the relative differences between BCubed and ELM for
Precision, Recall and F1 for the BERT clustering model (N=34).

on synthetic and simple baseline models, but also on well performing state-of-the-art
models tested on large real data.

5.3.6 ELM Satisfies the Constraints of Amigé et al

We show that the four constraints developed by Amigo et al. [3] hold for the ELM F'1
metric. The family of BCubed-like cluster evaluation metrics is the only one satisfying
all these four constraints. For a thorough explanation and motivation of these constraints
we refer to the original paper. We follow the same line of reasoning as Amig6 et al. [3]
and also use their informative pictures.

Homogeneity

The homogeneity constraint states that a cluster assignment D, that splits samples into
homogeneous subgroups should be scored higher than an assignment D that mixes
samples of different subgroups together, like in Figure 5.7.

The ELM recall for each element is the same in D; and Ds, but the precision is
lower for the elements in the mixed cluster in Do, than in the homogeneous clusters in
D;. Hence, the mean ELM F'1 score of D is higher.

Completeness

The cluster completeness constraint states that a cluster assignment D4 that groups items
belonging to the same cluster together should receive a higher score than a clustering
D, that subdivides items from a homogeneous cluster, like in Figure 5.8.
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C1

Figure 5.7: Homogeneity constraint: black nodes belong to one cluster and the white
nodes belonging to another cluster. Shown are two partitions: the homogeneous
D, : {C4,C5,C3} and the mixed Dy : {Cy,Cy U C3}. Fig. 5.7 is a modification
of Figure 5 from Amigé6 et al. [3].

Figure 5.8: Completeness constraint: All nodes belong to the same cluster shown are
two partitions: D1 = {C1,CoUC3} and Do = {C4, Cq, Cs}. Fig. 5.8 is a modification
of Figure 6 from Amigo6 et al. [3].

The argument is the dual of the previous argument. Here, precision is maximal
for all elements in both partitions as all clusters are homogeneous. But ELM recall
is lowered for those elements in the separate Cs and C'3. In fact, recall for ELM is 0
for singleton clusters. Thus the mean ELM F'1 is higher for the partition D; with the
joined clusters.

Rag Bag

The Rag Bag constraint states that adding a singleton cluster to a cluster consisting
of all differently labeled elements, a rag-bag, should score higher than an assignment
adding this singleton to a homogeneous cluster, as in Figure 5.9. In this example, this
means that D4 should score higher than D5.

First observe that all elements have the same recall in both clusterings. Now the
element in C'3 has the same precision of 0 when it is added to C'; or to C5. The elements
in the rag-bag C5 also keep the same precision (namely 0) irrespective to whether C's is
joined or not. But those in the homogeneous C'; see a drop in precision (from 1 to %)
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Figure 5.9: Rag Bag constraint: black nodes belong to one cluster and all other nodes
are singleton clusters shown are two cluster assignments: D; = {C1,C2 U C'3} and
Dy = {C1U (C3,C2}. Fig. 5.9 is taken from Figure 7 from [3].

when Cj is joined. Thus D; has a higher mean ELM F'1.

Cluster Size vs. Quantity

As stated by Amigo et al., the Cluster Size vs. Quantity constraint can be loosely
formulated by saying that small mistakes in large clusters should be penalized less than
small mistakes in small clusters. Amigo et al. operationalize this constraint as follows.
Let n > 2, and E a set of elements with |E| = 3n + 1, and let T, H; and Hs be
three partitions over F, where T is the ground truth, and H; and H» are two predicted
clusterings. Let 7" be a partitioning of F containing one cluster C of size n + 1, and
n clusters each of size 2, C'y through C,, 1. Let H; be a partitioning of E that splits
C into a cluster C] of size n, and CY’ of size 1, and with C5 through C,, 1 unaltered.
Let H, be a partitioning that leaves C unaltered, but splits C5 through C,, ;1 into 2n
singleton clusters {C%,C%,--- ,CL |, CE | }. Anillustraion of this setup forn = 3
is given in Figure 5.10. The thus formalized constraint now says that the ELM score of
H; should be higher than that of Hs, given 7.

Theorem 3 (Cluster Size Vs. Quantity). Given n > 2, T, Hy and H> as described
above, the ELM F'1 score for H; is higher than that for Ho.

Proof. Let T, H; and H5 be as stated in the constraint for some n > 2. Given that
both H; and H» only split true clusters in 7 into smaller subsets, P(e) = 1 for every
element in E for both H; and Hs, and thus proving that the mean ELM F'1 is larger for
H, than for Hy simplifies to proving that this holds for the mean recall. We will show
that the sum of all R(e) is higher for H; than for Ho, which proves the theorem.

For H1, the recall of all 2n nodes belonging to the correctly predicted clusters Co
through C), 1 equals 1, and the recall of the single node in C7' is 0 (this would be n%rl
for BCubed). The ELM recall of all n nodes in C] equals 21 (this would be 7 for
BCubed). Thus for Hy, XccpR(e) equals 2n +n - 2= = 3n — 1.

For H5 (which correctly predicts the big cluster but splits all true two-size clusters)
the ELM recall R(e) = 0, for all e € C; with i # 1 (this would be % for BCubed)).
For the n + 1 nodes in the correctly predicted C; the recall is 1, and thus for Ho,
YecpR(e) =n+ 1. Foreveryn > 1,3n — 1 > n + 1, as desired. O
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Figure 5.10: An illustration of the Cluster Size Vs. Quantity constraint for ELM for
n=3and £ = {1,2,...,10}. The numbers in the two bottom rows are the ELM F1
scores for each element, and the mean F1 (the ELM score).

5.4 BCubed in the Literature

We survey for which tasks BCubed has been used and discuss two other refinements of
BCubed.

BCubed is used in the Machine Learning community for several clustering problems
where a gold standard clustering is available, such as coreference resolution [10, 86,
87, 96, 100], Entity Linking [57, 58], and name disambiguation [4, 38]. In the case of
coreference resolution, the task is to map words or short phrases that occur in a text to
real-world entities. This mapping defines a clustering of all these words and phrases.

In coreference resolution in particular, BCubed is often used as a successor to the
link based metric used in MUC [117]. BCubed has two main advantages over MUC:
its ability to score singleton clusters, and the fact that it takes the severity of clustering
mistakes into account, something that MUC does not do. ELM obviously still keeps
these advantages. In both coreference resolution and Entity Linking, cluster size is
likely long tail distributed, with a few very large clusters and numerous smaller clusters,
and many singletons. We have seen that BCubed especially overestimates on elements
from small clusters and that ELM repairs this. As the reported F'1 measure is the mean
over all elements, this skewed distribution amplifies the overestimation. We thus believe
that especially in these applications, ELM is preferable to BCubed.

Several refinements of BCubed have been proposed, to adapt the metric to specific
use-cases. Moreno and Dias [81] proposed two adjustments to the BCubed F'1 metric
that makes it more suited for usage with highly unbalanced datasets, which for example
occur frequently in the tasks of image clustering, or the clustering of results for ambigu-
ous search terms on the web. They argue that the standard version of BCubed is less
suited for this, because the larger clusters (of the irrelevant class) have an unreasonable
effect on the total score, comparable to the unreasonableness of accuracy in such cases.
Both proposed alterations have the effect of weighting precision more than recall. The
most straightforward one is not to use the harmonic mean F'1, but a differently weighted
average. The same remedy can be applied to ELM by using different weights in equation
(1) for FP, and F'N,.

An extension to BCubed that handles overlapping clusters correctly is proposed
by Amigé et al. [3], where the quality of a predicted cluster is evaluated by comparing
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an element with all other elements (including itself) in the ground truth (for recall,
predicted cluster for precision) and comparing how many clusters they share in the
prediction compared to the ground truth. However, this extension might assign the
maximum F1 score to a clustering that is not exactly equal to the gold standard. Rosales-
Méndez and Ramirez-Cruz [90] propose CICE-BCubed, which fixes the aforementioned
issue for BCubed by also checking for pair occurrences in different classes. The
adapted BCubed variant proposed by Amigo et al. that makes it suitable for usage with
overlapping clusterings (and the change proposed by the authors of CICE-BCubed), is
not straightforward to implement for ELM . The main problem arises from the fact that
this extended variant of BCubed must include a comparison between the element and
itself, to be able to penalize a model for the spurious creation or deletion of singleton
clusters. Consider the example where the ground truth contains two elements e; and eo
that both belong to cluster a, and a prediction where e; and e, both belong to a, but e;
also belongs to a new cluster b. Intuitively, the precision for this element should not be
1, as the prediction added a cluster, but the definition of ELM means that this relation
is not considered, and thus this mistake is not penalized. We leave the repair of this
shortcoming of ELM in the case of overlapping clusters for future work.

5.5 Discussion

‘We have calculated the F1 scores for both BCubed and ELM on the element level, and
then defined the F1 score of a predicted clustering as the average of the F1 scores of
all elements. Although we believe this is closest to the original (not explicitly stated)
definition as given by Bagga and Baldwin [5], this is not the only way in which BCubed
can be defined. Amigo6 et al. [3] define BCubed from the average precision and recall
over all elements and then applying the 2PR/(P + R) manner of calculating the F1
score using these averages. In words: we have used the average harmonic mean instead
of the harmonic mean of the averages. For the main message of this article this does not
matter as in both ways of defining BCubed do not satisfy the ZeroScore constraint.

5.6 Conclusion

In this chapter, we indicated that the BCubed F'1 measure gives an overestimation of
the performance of a clustering method, repaired the definition, and evaluated the result
positively.

ELM satisfies a basic property of a metric: it can always obtain the minimal score
of zero, and it gives it to each prediction that has nothing correct (i.e., not a single true
positive). We want to emphasize that the idea and intuition behind the ELM metric are
identical to that of BCubed.

We showed that the difference between ELM and BCubed is largest when the size
of true clusters is small and when there are many such small clusters (e.g., when cluster
size is power law distributed). Even on large real datasets with a well-performing
state-of-the-art clustering algorithm, ELM F1 was three percentage points lower than
BCubed.
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We end with looking at the problem from the perspective of network science [7, 79].
If we view a clustering not as a set of subsets on some domain D but as a binary relation
on D, we take a network perspective. A clustering or partition then corresponds to an
equivalence relation =. The neighbor function N(e) = {¢/ € D | e = ¢’} is then the
clustering function used to define BCubed and ELM. In network science, it is customary
to work with simple (that is, irreflexive), and if possible, undirected relations. If we
replace the equivalence relation with this irreflexive undirected relation, we end up
with the same partition (in network science, the blocks are called cliques). But on this
network, the same neighbor function defines ELM, simply because no element is a
neighbor of itself. We may speculate how BCubed would have been defined if one of
the three B’s had been a network scientist.
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A Sharper Definition of Alignment for
Panoptic Quality

After the discussion of the BCubed metric and our proposed alteration ELM, we
continue the discussion of evaluation metrics for extreme clustering tasks with the
Panoptic Quality (PQ) metric, developed by Kirillov et al. [60] for the task of image
segmentation and object detection in Computer Vision. The metric operates by creating
a one-on-one mapping between predicted and reference objects or segmentations, and
then uses a scoring function to evaluate the quality of this mapping. In the original
formulation of Panoptic Quality, the mapping between the reference and hypothesized
clusterings is created by matching pairs of clusters from the reference and predicted
clusterings that have a Jaccard similarity strictly larger than one half. Given non-
overlapping clusterings, this constraint guarantees a one-on-one mapping between the
reference and hypothesized clusterings. Although this definition ensures a one-on-one
mapping, one could wonder if there are any other mappings that also guarantee this one-
on-one mapping, and if there is a mathematical definition for these mapping functions.
As such, this chapter attempts to answer the following research question.

RQS5 Is there an objective mathematical criterion for defining a matching function that
ensures a one-on-one mapping between two sets of (non-overlapping) clusters?

This chapter answers this question in the affirmative, showing that there is indeed
a more general mapping that also ensures one-on-one mappings between reference
and hypothesized clusterings. We start with a theoretical exploration of this mapping
and prove that the mapping is strictly weaker than the mapping used in the original
definition of the PQ metric. The chapter continues with an empirical comparison of the
two metrics on three real-world Computer Vision datasets, showing the practical effects
of this altered matching criterion on state-of-the art Computer Vision models.

6.1 Introduction

Kirillov et al. [60] have developed Panoptic Quality (PQ), a metric that can be used to

This chapter was published as: R. van Heusden and M. Marx. A sharper definition of alignment for
panoptic quality. Pattern Recognition Letters, 185:87-93, 2024. doi: 10.1016/j.patrec.2024.07.005. URL
https://doi.org/10.1016/j.patrec.2024.07.005.
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evaluate image segmentation methods by comparing predicted and true segmentations.
PQ is specifically developed for segmentation problems in which exact matches are
unfeasible and not even needed for successful applications. Although originally devel-
oped for the image domain, PQ can also be used for text, and even for any partitioning
problem. The only requirement is that there is an underlying set of elements (in images,
the pixels, in text segmentation typically tokens) which are partially partitioned (i.e.,
elements are combined into non-overlapping segments, but not all elements need to be
assigned to a segment).

PQ makes the well-known F1 measure (the harmonic mean between precision and
recall) available for the partial match segmentation setting. This is done by generalizing
the definition of True Positives from a set of items to a set of pairs of matched items.
If this set is a partial bijection (for every predicted segment / there is at most one
true segment ¢ and vice-versa), the false positives and false negatives, and thus all
contingency table-based metrics are also defined.

Kirillov et al. suggest to match a predicted segment h to a true segment ¢ iff
IoU(h,t) > .5, where IoU denotes the intersection-over-union operation, defined as
% I, They show that this condition guarantees that the resulting matching is a partial
bijection. This condition is simple, effectively computable, and interpretable, as desired
by Kirillov et al. [60]. However, even though it is very natural (as it requires that there
are strictly more overlapping than missed and spurious pixels), one could ask for a
more foundational reason to choose this threshold. This led to the following research
question.

Are there other useful 2, interpretable, simple, and effective matching
definitions, which imply the partial bijection property? And if so, is there a
most general one?

Indeed there is a strictly weaker, most general and thus sufficient and necessary condition.
Let h and ¢ be two segments (thus subsets) of the same set. Now [oU (h,t) > .5 is
equivalent to |h N ¢| > |h & t|, where @ denotes the symmetric difference between h
and t. In turn this is equivalent to

[t > [\t + ¢\ Al 1

The weaker most general matching definition distributes this and requires with each
conjunct implying the injectivity of one side of the matching.

|lhNt] > |h\t| and |hNt| > |t\ Al 0%)

Our main result is that every “fair” matching is a partial bijection if and only if
it satisfies (%). Below we will develop what “fair” means in this context. Clearly
this alternative condition is also simple, natural and interpretable. Table 6.1 shows the
difference between 0 and 6.

!For the definition of IoU used in this chapter, we assume both operands are 2D objects, unless stated
otherwise.

2We added the property useful, because the identity matching satisfies all other properties, but obviously
this is often too strict and thus not (very) useful.
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Table 6.1: Examples for three objects of matches with too little overlap for both # and
6% (left column), only enough overlap for #% (center column) and enough overlap for
both #F and 6% (right column). Green indicates the ground truth object, red indicates
the predicted object, v means the matching satisfies the condition and X means it fails
the condition.

Necessary and

Not enough overlap sufficient overlap

Sufficient overlap

0% x, 0t x 0% v, 0t x 0% v, 0t v
[h 13| ¢f [h >3] ¢f [h] >5[¢]
t
t t
S% >% >%
h h h
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As a sidenote, non-trivial alternative matching rules exist, such as the one introduced
by Chen et al. [23], as an alternative to the T matching. Instead of enforcing a single
threshold that ensures a one-to-one mapping between predictions and ground truth, a
mapping is created by using the Hungarian algorithm to obtain an one-on-one mapping
without enforcing a single threshold. However, this method still requires an IoU
threshold to allow for false positives and false negatives, and is arguably more involved
than the 7 or 6% matchings.

The rest of the chapter is structured as follows. In the next section we prove this
result, and compare the two ways of matching true and predicted objects. We then
empirically look at the differences between the two versions of PQ, and finish with
related work.

But before we dive into the technicalities, let us compare the two ways of matching
from another perspective. The matching defined by (%) can equivalently be stated as

|h Nt |h Nt
> .5 and
Al 2]

> .5, (6%)

simply stating that the overlap of the two segments should cover more than half of the
segments. All objects pairings in the center column of Table 6.1 match by this criterion.
They do however not satisfy ToU (h,t) > .5, and thus do not match by criterion (07).
In fact, when the two segments have the same size (|h| = |t|), then IoU (h,t) > .5is
equivalent to asking that the overlap covers more than two-third of the segments, like in
the top right image in Table 6.1.

This can be derived from the formula for IoU, where we let |t N k| be equal to a,
and |t| = |h| = b.

a+(b—a)+(b—a)

>1
2

Through simple algebraic steps this is equal to requiring a > %b. We believe this
shows that the weaker matching condition is at least as natural as ToU (h, t) > .5, but
less arbitrary.

6.2 Theoretical results

We first recall the definitions of segmentation, recognition and panoptic quality. Then
we show the following basic results about (8%) and its relation with (67):

* (6%) is effectively computable, and defines a partial bijection.
o (6%) is strictly weaker than (67).

* Precision, recall, recognition quality and panoptic quality defined with (6%) are
all larger than or equal to the metrics defined with (67).

* The threshold of .5 is optimal when defining a matching using JoU.
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TP=tnh
FN=t\h
FP=h\t

Figure 6.1: Illustration of a ground truth object ¢ and a predicted object h, outlined by
blue and purple respectively. The green area represents the overlap, yellow represents
the area only in ¢ and red represents the area only in h. TP, FN and FP can then be
expressed as set operations on ¢ and h

Then in Section 6.2.1 we prove our main result.

Let E be a set (in images this would be a set of pixels), and both H and T partial
partitions of E. Thus both H and T' consist of pairwise disjoint subsets of . We call
such H and 7" segmentations and often ignore the underlying set. Letb C H x T'be a
partial bijection. We will use dom(b) and ran(b) to denote the domain and range of
b respectively. We often view b as a (partial) function from H into T', and b~! as one
from T into H. We call the triple H, T, b an alignment.

We recall the definition of the Panoptic Quality metric from [60]. It is given relative
to an alignment. Let

TP=5b
FP =H\ dom(b)
FN =T\ ran(b).
Figure 6.1 contains an example and the way we present these three different parts in

this chapter. Now the recognition quality R() is simply the harmonic mean between
precision and recall, known as the F1 measure:

7P|
|TP|+ 5(|FP|+|FNJ)’

RQ =

The Segmentation Quality (SQ) is the mean IoU of the True Positives, and the Panoptic
Quality P(Q then is the product of SQ and RQ. In a direct definition the relation with
F'1is even closer. Let wT P denote X{IoU (h,t) | (h,t) € TP}. Then

wT P

PO = .
Q= TP T 5(F P+ |FN])

This is the reason why one can refer to PQ as a weighted version of F1. Similarly, one
can define weighted and unweighted versions of precision and recall by dividing w1 P
or |TP| by |TP| + |FP| for precision and |T'P| 4 |F N| for recall, respectively. Here
the metrics are defined relative to one alignment, thus to one example. The PQ, RQ and
SQ of a set of examples is simply the mean PQ, RQ) and SQ over them, respectively.

87



6. A Sharper Definition of Alignment for Panoptic Quality

Theorem 4. Let H and T be segmentations of the same set and let B = {(h,t) €
H x T | (h,t) satisfies (6%)}. Then B is effectively computable, a partial bijection,
and for each (h,t) € B, IoU(h,t) > %.

Proof. A trivial nested for loop over H and T finds the alignment defined by (#%).
This can be optimized using the order on the elements of the underlying domain. That
for each (h,t) € B, IoU(h,t) > %, follows from the fact that |t U h| is equal to
[t VA + [t \ k| + |k \ t|. (0%) states that |t N h| is strictly larger than these last two
summands.

To show that B is a partial bijection, suppose to the contrary that it is not. We will
derive a contradiction. There are two possibilities. We treat one: thereisat € 7" and
two different (and thus disjoint) hy, hy € H satisfying (#%). Thus by assumption, both
‘h‘ltTtl > .5 and ‘hftTtl > .5. From IhlltTtl > .5 it follows that |t \ hi| < .5|t|. Because
hi and hy are disjoint, ho Nt C ¢\ h1, and thus by transitivity, |he N ¢| < .5|¢|, which
contradicts our assumption. O

We now establish the relation between the two ways of matching. We have seen
that both (91) and (%) define alignments, and thus give alternative definitions of RQ,
SQ and PQ. Given two segmentations H and T of the same set, we speak about
their - and #%-alignment, and distinguish the corresponding metrics using the same
superscripts.

Theorem 5. (0%) is strictly weaker than (6%). That is, every 0% -alignment is a
0%-alignment, and there are segmentations H, T with an 0%-alignment but no 6+ -
alignment.

Proof. Because |h \ t| and |t \ k| are disjoint, () implies (#%). For strictness let
H = {{1},{2,3,4}} and T = {{1,2,3}, {4}}. Then with (8%), {2, 3,4} is aligned
to {1, 2,3} because it has 2 elements in the overlap, and it has one missing and one
spurious element. But the /oU of these two segments is equal to % and thus not strictly
larger than .5, and thus the alignment defined by (67) is empty. O

We now investigate what happens to the three panoptic quality metrics when they
are defined using (%) and (6).

Theorem 6. Consider the 0% - and the 0%-alignment of the same two segmentations H
and T of the same underlying set. Then

SQY < SQ*
P& > pt
RY > Rt
RQY > RQ*
PQ¥ > PQ™.
Proof. By the previous theorem, bt C b%, and thus the number of True Positives

remains the same or grows with (9&), since the alignment condition 6% is less strict,
and as shown in the example in Theorem 2, allows pairings with an IoU of less than .5
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to be considered true positives. The extra true positives have an JoU between 5 and

, and so these extra TPs will bring the mean IoU, which is SO, down. Every extra
True Positive reduces both the number of FPs and FNs by one. So extra TPs lead to a
higher numerator but an equal denominator in the definitions of precision, recall and
RQ (which is after all F1) and thus it will go up with the weaker matching condition
6% . The numerator in the definition of PQ is the sum of all ToU of all TPs. So that also
goes up when the number of TPs increases, and thus also PQ& > PQ*. Indeed, the

same holds for the weighted versions of Precision and Recall. O

We will now establish that the ToU threshold of .5 in 87 is optimal in the sense that
any lower value would not guarantee a partial bijection for all images. We will show
this in a more general setting. Both JoU and R(Q are instances of a general schema,
known as the Tversky index [98]. Given a true and a predicted object ¢ and h and the
corresponding T'P, F'P and F'N as defined in the beginning of this section, the Tversky
index S is defined as follows.

TP

ws(t
Sayplts h) = TP+ o|FP| + B|FN|’

where a, 5 > 0.

The RQ (or F'1) score corresponds to « = = .5, and the JoU toa = 3 = 1.

Theorem 7. Let B denote {(h,t) € H x T | Sqo,(h,t) > v}, for some o, 3,7 all
between 0 and I and H and T segmentations of the same set. Then the following are
equivalent.

1. B is a partial bijection for all segmentations H and T';

2. both el and 7 ,6’ are larger than or equal to 1.

The theorem immediately implies that B defined by IoU (h,t) > +y is guaranteed to be
a partial bijection for all segmentations if and only if v > .5.

Proof. Let B be defined as stated in the theorem. A little algebra shows that (¢, h) € B
if and only if

TP| > 11 a\FP|+1%ﬁ|FN|. 6.1)
We start with the easy direction. Assuming both 5 e and 7 ﬂ are at least 1, (6.1)
implies that |TP| > |FP|and |TP| > |FN|and thus 9&(h t) holds and by Theorem 4,
B is always a partial bijection.

We prove the other direction by contraposition. Suppose 5 T < 1. The case
for (§ is shown similarly. We abbreviate ﬁa by w for ease of notat10n Define two
total partitions H and T of a set E where H = {h} and T' = {t1,¢2}, satisfying
[t1] > |t2| > wl|t1]. This is possible as w < 1. We prove that both (h,t;) and (h, t2)
are in B and thus B is not a partial bijection. Now (h,t;) € B iff (6.1) holds. But we
have

s TP/ =t;Nh=t),ast; Ch;

hd F‘P)}Ii1 :h\tl :tg,astl Utgzh,;
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« FN/* =t; \h=0,ast; C h.

Thus (6.1) reduces to |¢1]| > w|t2|, which holds because w < 1 and we have constructed
t1 and t2 such that [¢1] > |t2|. We can similarly show that (h,¢3) € B using the fact
that |to| > w|t1]. O

6.2.1 Every fair alignment satisfies (6%)

We will now prove our main result stating that every reasonable alignment is a partial
bijection if and only if it satisfies (9%). We first develop what are reasonable (we call
them “fair”) alignments.

Definition 1. Let H,T, b be an alignment.

1. We call (h,t) € H x T a mismatch in H,T,bif h ¢ dom(b) but |h Nt| >
[b=L(t) Nt

2. We say that H, T, b is not fair if either H, T, b or T, H,b~! contains a mismatch.

Definition 2. 1. The alignment H, 7", is an improvement of the alignment H, T', b
if dom(b) = dom(b") and h b/ (k) 2 h N b(h) holds for all h € dom(b).

2. H',T,V is an improvement of H,T,b if ran(b) = ran(d’) and t N ¥'~1(t) D
tNb~1(t) holds for all t € ran(b).

Definition 3. We call an alignment H, T, b fair if every improvement of H, T, b is fair.

Thus with an improvement, we may change one of the segmentations and either the
range or the domain of the alignment b, but only if the ToU of each aligned pair remains
the same or increases. Let’s see an example:

T 1,2,3 4,5,6
H | 12345 6
H | 123 45 16

We have two alignments H, T,band H', T, b, with b and V' as indicated in the mapping.
H', T,V is an improvement of H,T,b as the overlap of the matched pairs remains
the same for both segments in ran(b). The pair ({4,5},{4,5,6}) is a mismatch of
H',T,V, and thus H’, T, b is not fair. And thus is H, T, b not fair, because it has an
unfair improvement.

Theorem 8. Let H and T be two segmentations of the same set and B C H X T'. Then
the following are equivalent:

s all (h,t) € B satisfy (6%);

* B is a partial bijection and H,T, B is a fair alignment.
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Proof (|}) Assume that all (h,t) € B satisfy (#%). By Claim 2, B is a partial
bijection, so we will write B as the function b. Now suppose to the contrary that H,T', b
is not a fair alignment. Then there is an improvement of H, T, b which is not fair. There
are two cases. We do one, and let the improvement be H,T”,b’ withan h € H and a
t € T' such that |h N t| > |h N b'(h)|. Because H,T',b" is an improvement, it holds
that |h N’ (h)| > |h N b(h)|. Thus we have that |h N t| > |h N b(R)|.

Now ¢ and b/ (h) are disjoint, so h \ ¥'(h) D hNt. Because b’ is an improvement,
hNb' (h) 2 hNb(h) and thus A\ b(h) D h\b'(h) , and by transitivity, h\ b(h) D hNt.
Using |h Nt| > |h N b(h)| we obtain |k \ b(h)| > |k N b(h)| which contradicts (6%).

(1) Assume H,T,b is a fair alignment and b a partial bijection. Suppose to the
contrary that (%) does not hold. Then one of the two conjuncts fails. Suppose the first.
Thus there is an h € H such that [h\ b(h)| > |h N b(h)|. Let z = h \ b(h). Now create
H, T, as follows.

T'={z}U {teT|tNnz=0}U{t\z|teT andtNz# 0},

and for all h € dom(b) set b'(h) = b(h) if b(h) € T, and b(h) \ z otherwise.

We will show that H, 7", b’ is an improvement which is not fair because of h, our
required contradiction. Because T and b have these properties, also 7" is a partial
partition, and b’ a partial bijection. To show that H,T”, b’ is an improvement of H, T, b,
we must show that for all h € H, the overlap with its match remained the same or
increased, i.e., h N b'(h) 2 h N b(h). This holds by definition of & when b(h) and
z do not overlap. Thus in particular for the segment h. If they do overlap, then as
z = h\ b(h) C h, forall h # h, the overlap will increase because the elements in z are
disjoint from A and thus taking them out of b(h) reduces the number of errors.

Now we show that H,T”, b’ is not fair for h, precisely because of the set z € T”
which is not in ran(b’). By definition z = h \ b(h) and thus z = h N z. By assumption
on h, |h\ b(h)| > |h N b(h)|, and thus |k N z| > |\ b(h)|. We found our desired
contradiction.

6.3 Empirical Evaluation

In this section, * and #% are compared on three instance segmentation benchmarks and
their differences evaluated: How many additional True Positives does 6% yield? What
is their IoU? Are certain classes or visual properties over-represented in the additional
TPs? And are they indeed acceptable as correct predictions?

In the experiments, PQ is calculated over the prediction and ground truth sets for
all three datasets, where only the matching condition is altered to be either 6+ or 6%,
Recall that, since the #% matching is less strict than the # matching, ground truth and
predicted pairs with an JoU of less than .5 can be considered true positives under % but
not under A, and thus the number of true positive matchings under % will be larger or
equal to that of 67,

Figure 6.2 shows two examples of additional true positives yielded by %. In the
top image, the model makes a recall error and misses a substantial portion of the ground
truth object, indicated by the large yellow region. In the bottom image, the model makes
a precision error and erroneously predicts a large portion of the image to belong to the
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-=24023

I 2967
t—h| = 23100 [t—h| = 317
I - 2000 S = 4815

lhut| = 49132 [hut] = 10099

loU(t, h) = 0.49 & loU(t, h) = 0.49

(b) Extra: The predicted object is

(a) Partial: The predicted object only larger than the ground truth object, and
contains a part of the ground truth ob- the spurious pixels are not assigned to
ject another object

Figure 6.2: Two examples of TPs according to #%, but not according to . The
blue and purple contours refer to ¢ and h, respectively. The green area indicates the
intersection between ¢ and h, red signifies pixels only present in h, and yellow signifies
pixels only present in ¢. Cardinalities of sets denote number of pixels

ground truth object, indicated by the red region. In both cases, the IoU equals .49, and
thus not enough to be a TP according to §7.

For the comparison, the Mask R-CNN [52] model was run on the CityScapes [29],
MS COCO [71] and LVIS(version 0.5) [47] datasets. CityScapes consists of images
from streets in several German cities, and MS COCO and LVIS both consist of Flickr
images. As is common practice, we use the validation sets to evaluate the performance
of the image detection method. It should be noted that CityScapes has much more
objects per image annotated (4 = 20.4) than the two other sets. We used the pre-trained
Mask R-CNN models made available by Meta through their Detectron?2 library [124] for
all three datasets. The code and data to reproduce the results of the empirical evaluation
are publicly available on Github.> The main findings can be summarized as follows.

» Evaluating by 6% instead of 7 yielded 1,250 additional TPs on the three datasets
in total. Per dataset, this meant one to two percent point higher recall.

» The IoU of the additional TPs is close to the .5 threshold of 07 (u = .46,
o = .03).

* The number of objects in an image and the additional number of true positives in
an image are positively correlated, with a Pearson correlation of .35.

* additional TPs are heterogeneous in size, their visual properties and their missed
and spurious pixels.

* Five percent of the additional TPs can be considered as being incorrectly classified
as detected objects. The majority of these false hits are very small objects.

We first describe the distribution of the IoU values of the additional TPs. Ta-
ble 6.2 shows that #% yields 1,250 additional true positives counted over all three

3https://github.com/RubenvanHeusden/GeneralizedPanopticQuality
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Figure 6.3: (a): Boxplot of the distributions of the IoU of true positives under both
6+ and #% and (b): KDE plot of the IoU of the additional TPs with the vertical lines
representing the first quartile.
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Table 6.2: Number of additional TPs and the fraction of the additional TPs within all
TPs.

Dataset Additional TPs Fraction

CityScapes 232 .02
MS COCO 536 .01
LVIS 492 .01

datasets, between one and two percent more true positives than §* depending on the
dataset. Figure 6.3a shows the distributions of the IoU for both #* and 6% for all three
datasets. For all three, the distributions differ significantly when measured using the
Kolmogorov-Smirnov test (D6944,7166 =.03,p = .001, D18957,19483 =.027,p < .001
and D14053,14545 = .03, p < .001), for CityScapes, MS COCO and LVIS respectively,
where the subscripts indicate the sample sizes of 8 and 6% respectively). Figure 6.3b
shows the distributions of the IoU of the additional TPs. For all datasets, over 75 percent
of these TPs has an IoU higher than .43.

We now investigate whether the true objects of the additional TPs have particular
characteristics. The number of objects in an image and the additional number of true
positives in an image are positively correlated (r(9036) = .35,p < .001)). In all
three datasets, the objects are also assigned to classes. The distributions of the classes
over all objects and over the additional TPs do not differ significantly for CityScapes
and COCO when measured using the Kolmogorov-Smirnov test (D19 = .43,p = .37,
Dgs = .03, p = .07. For the LVIS dataset there is a significant difference (D149 =
.23,p < .001), which can be explained by the fact that the dataset has many, 830,
fine-grained labels and that there are is only a small amount of additional true positives,
so many classes with a few objects in the gold standard do not occur in the additional
true positives.

We manually inspected all 232 additional TPs in the CityScapes dataset and classi-
fied them into the best fitting error-types, shown in Figures 6.3 and 6.4 (Npgriiar = 48,
Ne:vtra = 45, Noccluded = 24, Ncrowd =48, Nsmall = 45, Nannotution error = 12).

The classification of error types is partly inspired by previous work by for exam-
ple Bernhard et al. [11], with similar definitions for the partial and extra classes, with
the work by Bernhard et al. also providing error categories for cases where the predicted-
and ground truth objects are disjoint. For all error types, the mean IoU is close to .5,
meaning there is not one error type that accounts for most of the low-IoU TPs.

We now investigate whether the additional TPs can really be considered True
Positives. The #% criterion can yield true positive pairs with an IoU of just over one-
third, in which case the overlap is only a little bit more than both the missed part and the
wrongly assigned part, like in the middle column of Table 6.1. Figure 6.3b shows that
in all three datasets there are TPs with an IoU just over a third. If this wrongly assigned
part (the FP pixels) overlaps almost completely with another true object, we consider
the TP a false hit. Figure 6.4b contains an example of such a false hit: the wrongly
assigned yellow and red parts are almost as large as the green overlap and the red part is
for a large part contained in another object. We make this notion of a false hit precise as
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(a) Partially Occluded: The ground truth object (b) Crowd: The predicted object includes parts
is partially occluded by another object of other objects close to it.

Figure 6.4: Examples of the Partially occluded and Crowd classes

follows, using a parameter 0 < 7 < 1 to capture "almost as large”. A TP (¢, h) is a false
hit if there is a true object t' # t such that 7 - [t N h| < |¢' Nhland 7 - [t N R| < |t \ A
Note that the first conjunct also implies that 7 - [t N h| < |k \ t| because ¢ and ¢’ are
disjoint. It is easy to see that only additional TPs can be false hits. We set 7 = .75.
Only 61 of the 1,250 additional TPs are false hits, (.5%, 5% and 6% for CityScapes,
COCO and LVIS, respectively). These false hits tend to be small objects (within the
COCO dataset an object is called small if it has less than 1024 pixels). For CityScapes,
MS COCO and LVIS the median pixel size of the true object of the false hits is 359,
422 and 930 pixels, respectively. For CityScapes, MS COCO and LVIS, 100, 71 and 65
percent of the false hits are small objects. Foucart et al. [40] discuss the PQ metric for
medical imaging for cell nuclei, and argue against the usage of PQ for small objects,
as the small size of the objects means small perturbations in the predictions can have a
large effect on whether or not a cell is considered a True Positive. Since the majority of
the additional True Positives can be considered correct, we believe that using the o&
alignment condition thus yields a more accurate way of measuring model performance.

6.4 Related Work

Traditionally, the performance of image segmentation models has been evaluated using
a variety of pixel- and object-level metrics, such as pixel-level precision and recall, and
object-level metrics such as Average Precision and average IoU scores [29, 45, 73].
Both Average Precision and average IoU make usage of the loU score to produce a
mapping between predicted- and ground truth objects. In particular, Average Precision
is calculated by using the IoU threshold of .5 and defining precision and recall in a
similar manner to PQ. Although these metrics are still widely reported, the emergence
of the panoptic segmentation task has resulted in the more widespread adaptation
of the PQ metric [26, 52, 61]. Examples include the MaskFormer and OneFormer
architectures [26, 52], both of which use the Transformer architecture at the basis of
the prediction model, and present unified frameworks for tackling semantic, instance
and panoptic segmentation simultaneously. Li et al. provide a detailed overview of the
usage of Transformer-based models in their survey paper [70], reporting their results
using the PQ metric for panoptic segmentation datasets. Several image segmentation
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challenges and benchmarks have also adopted the Panoptic Quality metric as part of
their evaluation setup, with examples in diverse fields such as the detection of different
types of crops, detection of cell nuclei in the medical domain, the segmentation of
3D point clouds from LiDAR data and other domains such as for modeling attacks on
network systems [39, 115, 120]. The PQ metric has also been extended for usage in
the video domain, where it is referred to as Video Panoptic Quality (VPQ) [59]. In this
setting, IoU is used to obtain TP, FP and FN values over a collection of video frames,
after which VPQ is calculated in the same way as the original PQ metric. The VPQ
metric includes a hyperparameter k that determines how many frames are considered
for the calculation of PQ. Cheng et al. [25] propose a change to the calculation of the
IoU metric to make it more sensitive to mistakes in object contours. Since the number
of pixels around the edge of an object does not scale proportionally with the area of the
object, IoU tends to under-penalize boundary mistakes in larger objects. To remedy this
problem, they propose Boundary-IoU, which only considers pixels up to d pixels away
from the object contour and is formalized as follows. Given a distance parameter d ,
ground truth object ¢ € T' and predicted object h € H.

ta N hg
tqgUhg

IOUBoundary = (6.2)
Where t; and tj, are the portions of the ground truth and predicted objects that are
up to d pixels away (measured in Euclidean distance) from their respective object
contours. The choice of the distance parameter d controls the sensitivity of the metric
towards mistakes in the object boundaries: the lower d, the more the object contour
decides whether a pair (¢, h) is a true positive. Choosing the appropriate value for d is
an important consideration, as setting the value of d too low can result in very small
perturbations (for example stemming from contour ambiguity) having a large effect on
the final score. Cheng et al. experimented with this by comparing the annotations from
two annotators on the LVIS dataset, treating one as the gold standard and one as the
prediction, varying the value of d and counting the number of TPs. They found that,
for the LVIS dataset, setting d to roughly two percent of the image diagonal, and so d
would be potentially different from image to image, and could possibly even depend
on the ground object size, to avoid the aforementioned problem. For both the VPQ
and Boundary-PQ variations, substituting the §* matching by the 6% matching still
results in partial isomorphism, as both variants constrain the predicted objects to be
non-overlapping.

6.5 Discussion & Future Work

Although this chapter explores the effect of the altered alignment condition % on the
PQ metric specifically, the fact that the matching concerns the IoU metric means that
the altered condition can be used in any setting where IoU is used in determining the
correctness of a prediction against a gold standard. Examples of this include the Average
Precision and average IoU metrics discussed previously, as well as metrics in different
fields, such as Named Entity Recognition and text segmentation. Depending on the spe-
cific application, the fact that the #% matching is less strict than the original formulation
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means that in general more True Positives will be yielded with this matching.

If predicted- and ground truth segments are particularly small (such as cell nuclei in
medical images), the use of Panoptic Quality as a reliable evaluation metric can become
problematic, as outlined by Foucart et al. [40]. As in the Boundary-IoU paper, one of the
problems is that mistakes around the boundaries of an object are penalized more heavily
for small objects compared to larger objects. Experiments on nuclei segmentation
datasets in which artificial distortions are applied to the predictions (dilation by 1 pixel,
erosion by 1 pixel and 1 pixel vertical shift), show these small perturbations can lead to
a significant amount of predictions receiving an IoU of less than .5, in turn resulting in
low PQ scores, that do not reflect the actual quality of the predictions when manually
inspected. One of the causes of this behaviour is the fact that JoU inherently does
not weight spurious and mixed pixels equally, with predictions with missed pixels
being scored lower than spurious pixels errors of the same size. Although the proposed
matching rule would alleviate this problem in some regards as the threshold is relaxed,
the inherent problem is still present. Although this problem is usually solved in practice
by discarding predictions below a certain size (dependent on the dataset) [1, 126].
Future work can be done in adapting the metric to use cases where small predictions
are common. Although this work explores the implications of a new matching rule for
Panoptic Quality in the image domain, the practical implication has only been measured
for a handful of datasets in the image domain, and the difference between the two
matching rules might be more pronounced for different fields such as usage in Named
Entity Recognition, something that could also be explored in future work.

6.6 Conclusion

In this chapter, we aimed to find an objective mathematical criterion for defining
a matching function that ensures a one-on-one mapping between two sets of (non-
overlapping) clusters.

We found a useful, simple, interpretable and effectively computable definition for
aligning true and predicted segments which is both a necessary and sufficient condition
for the alignment being a partial bijection. If, given a predicted- and true segment, we
let TP, FP, and FN stand for the pixels in the overlap, the spurious and the missed pixels,
respectively, then the necessary condition aligns the two segments if |TP| > |FN| and
|TP| > |FP|. This in contrast to the stronger JoU > .5 condition which is equivalent to
|TP| > |FN|+|FP|. The effect of the weaker condition was small but not negligible; on
three instance segmentation datasets, it led to a 1-2% increase in recall. Our empirical
analysis of these additional true positives shows that 95% of them are indeed valuable,
correctly identified objects. The few misses were mostly very small objects. As the new
condition is the most general effectively computable alignment that guarantees a partial
bijection, we recommend it to be used in future implementations of PQ.
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Text Segmentation Metrics: A Survey

As shown in the previous two chapters, there are different types of evaluation metrics
for clustering tasks, each with its own strengths and weaknesses. In this chapter, we
focus explicitly on the task of text segmentation, which we consider to be a specific
instance of clustering. The field of text segmentation is varied, and examples include
Named Entity Recognition, article segmentation, and the previously discussed page
stream segmentation. To provide an overview of the metrics used for this task and
to compare the metrics developed in the previous chapters, we propose the following
research question.

RQ6 What is the most appropriate type of metric for the task of text segmentation?

To answer this research question, we compare three groups of evaluation metrics
using a set of evaluation criteria, and score each of the metrics using these criteria. We
use a combination of theoretical arguments and experiments to examine several metric
properties, such as its ability to distinguish between hypothesized segmentations of
different qualities and its sensitivity to errors of different severities. Both our theoretical
and empirical results show that the group of metrics based on directly comparing
segments between the reference and hypothesized segmentations (to which ELM and
PQ belong) exhibits the most desirable behavior overall, without the need for specific
hyperparameters to control their behavior.

7.1 Introduction

Text segmentation, the task of correctly dividing a text, a sequence of characters or words,
into meaningful units, is a necessary preprocessing step in almost every NLP application.
Segmentation can be structural (e.g., tokenization, paragraph splitting, chunk parsing)
or semantic (e.g., Named Entity Recognition or extractive summarization). The task
of text segmentation can be viewed as an instance of clustering, where the clusters
(or segments) are non-overlapping, and have to consist of consecutive elements. In
addition to merely delineating segments, labeling the segments is often also a part of
the segmentation task. For instance, with tokenization, tokens are divided into word

This chapter was published as: R. van Heusden and M. Marx. Text segmentation metrics: A survey, 2025.
To be submitted.
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Figure 7.1: Reference and hypothesized segments for a typical segmentation task, with
seventeen elements that have to be segmented. Green, yellow and red segments indicate
True Positives, False Negatives and False Positives, respectively. ¢; and h; refer to the
i-th segment in the reference and hypothesized segmentation respectively.

and punctuation tokens, and in traditional NER, entities are labeled with PER, LOC,
ORG and MISC. Although these tasks can all be framed as the same text segmentation
problem, many of these fields have developed their own evaluation metrics, often
dependent on the requirements of systems developed for that particular task. As such,
there is a plethora of different evaluation metrics in the literature, each with their own
advantages and disadvantages, and without a comprehensive analysis of when these
different metrics should and should not be used. In this paper, we survey extrinsic
evaluation metrics for the task of text segmentation, by which we mean the case where
reference and hypothesized segmentations are directly compared (as in Figure 7.1). We
aim to provide a comprehensive overview of different metrics and metric groups and,
through a series of experiments and argumentation, evaluate the validity of each of the
metrics surveyed, providing pointers for users of such metrics to make a more informed
choice.

Overlap weighted Precision and Recall. Before we start, let us discuss one (and in
fact our favorite) way to do this evaluation. Following Kirillov et al. [60], we use pairs
of true and hypothesized segments as the True Positives. We say that such a pair is a TP
if and only if the overlap is larger (in number of elements) than the spuriously predicted
area and larger than the missed area, cf Figure 7.2. This definition ensures that for each
true segment there is at most one hypothesized segment, and vice-versa [101]. The set
TP can thus be seen as a partial injective function, in other words an alignment. The
set FP of False Positives then consists of all predicted segments which do not have a
pair in TP, and similarly the set FN consists of all true segments without a predicted
pair in TP.  With these definitions, precision, recall and the F1 score are defined as
usual. For the example in Figure 7.1, precision is % and recall equals %. Kirillov et al.
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Figure 7.2: A ground truth segment ¢ and an overlapping predicted segment h for a
NER task. Missed, overlapping and spurious elements are indicated by yellow, green
and red respectively. The pair (¢, k) is a True Positive because |t N h| > |t \ h| and
[tNR| > |h\ .

[60] proposes to weight these scores with the amount of overlap of the True Positives
and uses the Jaccard similarity for that. The average similarity of all True Positives
is called the segmentation quality, abbreviated as SQ, see Figure 7.1. We then define
the weighted versions of precision, recall and F1 by simply multiplying them with this
segmentation quality. In Figure 7.1, the SQ is %, so the weighted precision and recall
are reduced to % and %, respectively. The overlap weighted F1 score is called panoptic
quality in Kirillov et al. [60]. We use the abbreviations wP, wR and wF'1 for these
overlap weighted metrics

The rest of the survey is structured as follows. First we provide a list of the criteria
on which we compare the different metrics, and we group the metrics into the three
groups that we will evaluate in this paper. We define all metrics in a unified manner, and
show them in action using the running example from Figure 7.1. We then compare the
metrics using our evaluation criteria and a set of experiments, and draw up conclusions
on the advantages and disadvantages of each of the metrics and metric groups. We end
with a short discussion of an extension to the PQ metric that makes it usable in settings
with overlapping segments.

7.2 Evaluation criteria

Surveys of metrics tend to have a leaderboard-like table with the surveyed metrics on the
rows and each column containing a quality indicator by which the metrics are compared.
These indicators can be divided into two groups: those that can be formally verified,
like boundedness, stating that the metric takes values in a bounded interval, and those
that can only be argued for, like scrutiny, a criterion that concerns the explainability of
a metric [80]. Other surveys use the terms objective and subjective for this division,
but as rightly pointed out by Moffat [80], the choice of the objective indicators is itself
subjective. The metrics surveyed in this paper tend to satisfy the formally verifiable
metric properties [3, 80, 84], so we will use these sparsely and concentrate on those
properties that need an argument. In more or less their order of importance, these are
meaningfulness, the already mentioned scrutiny, helpfulness and distinctiveness

« meaningfulness Its plausibility as a measurement tool, that is, whether the score it
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generates correlates with the underlying behavior it is intended to represent [80].

* scrutiny/scrutability The score generated by the metric can be readily ex-
plained [80].

* helpfulness How useful it is in error analysis and in the improvement of a
system [84].

« distinctiveness The likelihood of statistically significant system scores being
obtained (this concept is discussed in Pevzner and Hearst [84]).

For the first two criteria, meaningfulness and scrutiny, we will provide arguments
on the level of metric groups, and for the helpfulness and distinctiveness criteria we will
conduct experiments on real-world- and synthetic datasets to show adherence of the
metrics to these criteria.

7.2.1 The Space of Text Segmentation Metrics

Before providing formal definitions for each of the metrics, we categorize them into
three distinct groups, and cover the fundamental assumptions that underlie each of
these groups. We make a broad distinction based on whether or not metrics are based
on confusion matrices, and on whether performance is measured on the segment- or
element level.

Group 1: Segment-Level Metrics

The first group of metrics treat text segmentation as a segment-level clustering task,
where the segments in the reference and hypothesized segmentations are directly com-
pared in a confusion matrix. The overlap weighted precision and recall metrics defined
in the introduction and Figure 7.1 belong to this group. They were originally developed
for the evaluation of image segmentation by Kirillov et al. [60].

The Segment Alignment (A) metric from Diaz and Ouyang [34] resembles the
segmentation quality SQ as it uses the intersect-ratio and intersection-over-union to
create an optimal alignment between reference- and hypothesized segmentations. How-
ever, it has no concept of precision and recall, since all segments in the reference- and
hypothesized segmentations are matched to a segment in the other segmentation.

The BCubed and ELM metrics [5, 109] compare the segments in the reference- and
hypothesized segmentations by calculating precision and recall scores on an element-by-
element basis, based on the overlap between the reference- and hypothesized segments
that contain the element and taking the average over these scores.

Metrics in this group: wP, wR, wF'1, A, BCubed, ELM

Group 2: Element-Level Metrics

The next group of metrics is also based on confusion matrices, however, instead of
making comparisons on a segment-level, segmentations are compared on the level of
elements. So for instance in the case of a NER classification task, instead of comparing
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entities as a whole, individual tokens are being compared. This group includes the
well-known precision, recall and F1 measures, as well as metrics based on edit distance,
such as the Hamming distance [50], and the S and B metrics introduced in Fournier and
Inkpen [42] and Fournier [41]. The latter series of metrics is conceptually similar to
precision, recall and F1, but the addition of operators used in the Damerau-Levenshtein
distance [31, 67] allows these metrics to assign credit to hypothesized segmentations
with small errors in boundary placement. Despite the somewhat involved algorithm
required for calculating these metrics, both the S and B metrics have seen some usage
in segmentation tasks, such as the segmentation of spoken text and topical segmentation
of documents [48, 118].

Metrics in this group: F'1z,un4, Accuracypound, S, B

Group 3: Metrics Based on a Sliding Window

The third and last group of metrics in this survey is the group that calculates the quality
of a predicted segmentation using a sliding-window approach. All these metrics use
a window of size k (a hyperparameter usually set to half the average segment size)
that is slid over the true and hypothesized segmentations simultaneously. For each
of these windows, a score is calculated that reflects the agreement of the reference-
and hypothesized segmentation over that particular window. The final score of each
metric is the mean over the scores for all the individual windows. One of the first
metrics in this group is the Py, metric introduced by Beeferman et al. [9] The Py metric
is derived from a metric which captures ’the probability that two sentences drawn
randomly from the corpus are correctly identified as belonging to the same document or
to different documents”. The original metric has several drawbacks, which has led to
the development of the WindowDiff metric by Pevzner and Hearst [84] which, for each
window, yields a boolean value indicating whether the number of segment boundaries
in the window is the same for both the reference- and hypothesized segmentations. The
chain of improvements of P, well described in Scaiano and Inkpen [92], has ended
in a proposal, WinPR, which also belongs to the this group, but does allow for the
calculation of precision, recall and F1 scores, whereas both the P, and WindowDiff
metrics do not.

Due to the sliding-window approach, these metrics also allow for the assignment of
credit to partially correct solutions with minor inaccuracies in boundary positions. This
ability, together with the straightforward implementation of these metrics, has led to
this group of metrics somewhat becoming the de facto way of evaluating text segmenta-
tion, with in particular Pj, and WindowDiff being used in a significant number of text
segmentation tasks [43, 44, 62].

Metrics in this group: Py, WindowDiff, WinPR

Other groups

Apart from the three groups described above, there are other metrics that one could use
in the text segmentation task, but that we will not cover in this survey. Metrics based
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on counting pairs like the Rand index are not suitable because of the quadratic impact,
they punish mistakes in large segments much more than those in smaller ones [3]. For
clustering, several entropy based metrics have been proposed, but as far as we know
they have not been applied to text segmentation. Besides that, Amigé et al. [3] show
that they do not satisfy several basic desiderata for clustering metrics.

In this paper, we focus our attention on text segmentation with a single type of
boundary. There are several metrics that can be extended to work with boundaries
of different types (such as the S and B metrics presented in Fournier and Inkpen [42]
and Fournier [41]), however, we consider this scenario to be outside the scope of this
survey.

7.3 Formal definitions of text segmentation metrics

In order to provide formal definitions for each of the metrics in this survey, we start by
giving a formal definition of the segmentation task itself. Let £ be a linearly ordered
set, thus in essence a sequence. We use E[i] to denote the i-th element of E (with
counting starting at 0). A segmentation B of F is a partial partition of E in which all
blocks consist of consecutive elements. We will refer to these blocks as segments. Thus
B = {bg,b1,...,b} is a subset of the powerset of E. Note that B can be partial and
thus that | J,.,, b; need not be equal to E. With abuse of notation we say that e € B
if there is a segment b € B such that e € b. We usually consider a true or reference
segmentation 7" and a hypothesized or predicted segmentation H. Segmentations are
thus sets of segments.

7.3.1 Segment-level metrics

Following the order of groups that we used before, we start the formalization of the
metrics with the group that measures the quality of a predicted segmentation by directly
comparing the segments in 7" and H. For this survey we will discuss overlap weighted
precision, recall and F1, A, BCubed and ELM [5, 34, 60, 109].

Overlap weighted precision, recall and F1

These metrics have been defined in the introduction, see Figures 7.1 and 7.2. As these
are the most direct confusion table based metrics for the task of segmentation, we use
the standard abbreviations without any suffix but prefixed by a w to indicate that they
are weighted: wP, wR and wF1.!

BCubed

The BCubed metric (introduced by Bagga and Baldwin [5]) calculates the quality of a
hypothesized segmentation by, for each element in the segmentation, measuring overlap

Note that these definitions of the unweighted and weighted F1 scores are different from the definitions in
Chapters 2 and 3 as in this Chapter the more general matching condition 6% from Chapter 6 is used to obtain
a partial bijection, instead of the original definition from Kirillov et al. [60].
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between the reference- and hypothesized segments that contain the element. For each
element e € E, let t. be t € T which contains e, if it exists and () otherwise, and
similarly for H and h.. Assuming non-overlapping segments, this yields a unique
segment in ¢ and h for each element e.

Using these definitions of ¢, and A, We can now define element-level precision,
recall and F1 scores, as shown in Equations 7.4 and 7.5, where & denotes the symmetric
difference between two sets.

te N he
Ppcupedle) = [te N Ae ] | 7.1
teNh
Rpcubed(e) = [te 0 hel (7.2)
[tel
te N he
Flpcubed(e) = | | (7.3)

[te N he| + .5(|te ® hel)

Using these element-level definitions of precision, recall and F1, we can now define
the BCubed metric over entire segmentations 7" and H.

Ppcubed(T, H) > Pcubeale (7.4)
|E‘ ecE
Rpcubea(T, H) Z Rpcubeale (1.5)
|E | &
Flpcuvea(T, H) =15 Z Flpcubed(e (7.6)
eeE

In the literature, the BCubed measure is the mean F1 value over all elements in E.2

The BCubed metric bypasses the need for aligning hypothesised and true segments
by computing something different: for each element e in the domain, it compares the
(two unique) hypothesized and true segments containing that element using the standard
confusion table metrics. So it computes these metrics relative to that element e: i.e.,
precision means how many of the elements predicted in the same segment as e are
indeed in the true segment of e. Then the mean over all elements is taken.

ELM

In the original definition of BCubed a score of zero can never be achieved if both T’
and H fully partition E, because the numerator |h. N t.| in Equations 7.1, 7.2 and 7.3
is always at least 1 because e € h, Nt.. van Heusden et al. [109] propose a slight
alteration to the BCubed metric titled Elements Like Me (ELM), that allows the metric
to become zero, by removing the element itself from both the h and ¢ segments. In the

2This mean F1 is calculated differently in Amigé et al. [3], where F'1 gcyupeq(T, H) is computed directly
as the harmonic mean of Ppcypbed (T, H) and Rpcuped (T, H). Because of taking means, this is in general
not equal to the mean F1 as defined here.
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case of ELM, we alter the definitions of ¢, and h. such that they no longer include the
element e itself. Using these altered definitions of ¢, and h., we can define the precision
and recall scores for ELM in a similar manner to BCubed.

te N he
Prra(e) = 1if he =0, otherwise ||h| (7.7)
e
te N he
Rery(e) =1ift, =0, otherwise ||t|| (7.8)
. . [te N he
Flgpy(e) =1if he = @ and t. = (), otherwise (7.9)

[te N he| + .5(Jte D hel)

Using Equations 7.7, 7.8 and 7.9, precision, recall and F1 over entire segmentations
are defined exactly the same as with BCubed.

Segment Alignment (A)

The Segment Alignment (A) metric, introduced by Diaz and Ouyang [34], is similar
to the SQ metric, in that it also measures the quality of a predicted segmentation by
creating an alignment between reference and hypothesized segmentations. In the A
metric, an alignment between two segmentations 7" and H is created by iterating through
both the reference and hypothesized segmentations and, for each segment, selecting the
segment from the other segmentation (either reference or hypothesized), that is ‘closest’
to the segment in question, where the distance between segments is calculated using the
intersect ratio between two segments, so given a segment ¢, the closeness to a segment h
is defined as |t N h|/|t]. Note that this way of creating an alignment means that there is
not necessarily a one-to-one mapping between segments in 7" and H, and that a single
segment in either segmentation can be linked to multiple segments in the other. This
also means that the alignment is not unique, since there could be multiple segments
with an equal intersect-ratio with the segment in question. In the case of ties, Jaccard
similarity is used to break ties, and if the tie is still not resolved, the leftmost segment is
picked as a match.

For given T'and H, A(T, H) is the average Jaccard similarity over all pairs in the
created alignment between 7" and H.

7.3.2 Element-level metrics

For certain text segmentation tasks, such as Named Entity Recognition, each word or
token in the segmentation should contribute to the final performance of the model, and
scores are therefore calculated over all elements in E. Often, there will also be multiple
classes in such a segmentation task, where a separate score is calculated for each class,
and then aggregated to produce a final score.

For text segmentation tasks with only one type of boundary, it is often desirable
to compute the aforementioned metrics only on positive instances of this class, which
in the case of text segmentation would be the first elements of the sets in 7" and H, as
these indicate the beginning of a new segment. For B = {by, ..., b, } a set of segments,
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B denotes the set of all first elements of the segments {bo[0], . .. b,,[0]}. In the case of
total partitions, B and B define the same set of segments. We can now define precision,
recall, F1 and Accuracy on first elements in terms of set operations. Note that A B
denotes the symmetric difference between sets A and B, thatis A\ BU B \ A.

T N H|
Pbound(Ta H) - = (710)
|H|
TNH
Rbound(T,H):| ) H] (7.11)
|T|
T N H|
Flyouna(T, H) = ——— S— 7.12
sound(T, H) TN H|+ 05T H| (7.12)
TeH
Accuracypouna(T, H) = 1 — T H| (7.13)

E|

Metrics that use the edit distance between the reference- and hypothesized segmentations
also measure the quality of a predicted segmentation at the element-level, but often use
operators from string similarity metrics to allow for small errors in boundary placement.
One of the most straightforward examples of an edit-distance metric is the Hamming
distance (Hamming [50]), which simply counts the number of mismatched positions
between binary representations of 7' and H. Usually, this score is normalized by
dividing by the length of the sequence, as shown in Equation 7.14.

|T @ H|

Hamming(T,H) = 7]

(7.14)
Thus Accuracy equals 1 minus the Hamming distance. The Hamming distance does
not assign credit to an element unless it is completely correct, which is rather stringent,
and does not credit boundary placements that are close to the correct boundary. To
allow for such partially correct segmentations, the Segmentation Similarity (S) and
Boundary Similarity (B) metrics have been proposed [41, 42], both based on the
Damerau-Levenshtein distance [67]. These metrics calculate the quality of a predicted
segmentation using the transposition and substitution operators from the Damerau-
Levenshtein distance. In these metrics, substitutions are used to account for full misses,
where a zero has to be changed into a one in the binary representations, or vice-
versa. The transposition operator is used to account for near-misses that are up to k
positions apart, where transposing two elements in either the reference or hypothesized
segmentation would ‘align’ the elements in both segmentations. Since correcting a
shifted boundary now only takes one operation (as opposed to two substitutions), this
means the metrics are more ‘forgiving’ in cases of partially correct segmentations. For
the formal definitions of both metrics, we start by defining D(T', H), the minimal edit
distance between 1" and H, using only transpositions and substitutions. We can write
this function D as a combination of transpositions and substitutions. We use T and H
to refer to the binary representations of 7" and H respectively.

D(T,H,w) = SUB(T,H) +w-TRANS(T, H) (7.15)
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Here, w is a parameter that controls how much a transposition is weighted, for further
control of the sensitivity to near misses.

Using this definition of the minimal edit distance D, we can define the S metric as
follows.

D(T, H,w)
|E|

Here the edit distance is normalized by the number of elements in E, and this normalized
distance is subtracted from 1 to yield a similarity score rather than a distance.

Although the S metric allows for the consideration of small inaccuracies in boundary
placement, dividing by | E'| is problematic, since this favors segmentations with very few
boundaries over segmentations with more boundaries. To address this issue, the authors
of the S metric propose Boundary Similarity (B) [41], which changes the normalization
constant. Instead of dividing by the total number of elements in £, the B metric divides
by the total number of substitutions and transpositions plus the number of correct
boundaries, thus excluding True Negatives from the equation.

S(T,H,w)=1— (7.16)

D(T,H, w)
D(T,H,w) +|T N H|

As with S, the score is subtracted from 1 to obtain a similarity rather than a distance.

B(T,H,w)=1— (7.17)

7.3.3 Metrics based on a sliding window

The last group of metrics that we will discuss is the group of metrics that operate by
using a sliding window approach. As the name suggests, each of these metrics operates
by sliding a fixed-size window over both the reference and hypothesized segmentations
simultaneously, and measuring the agreement of both sequences with respect to the
presence and quantity of boundaries.

Py, the first sliding window metric (introduced by Beeferman et al. [9]), is a
simplification of the Pp metric introduced in the same paper. The idea behind both these
metrics is to measure the agreement between a reference and hypothesized segmentation
on whether or not two elements are in the same segment. We say that H and 1" agree on
elements e, ¢’ € F in case e and ¢’ are in the same segment in H precisely when they
are in the same segment in 7.

The metric Py (7T, H) denotes the chance that H and T do not agree for two elements
in F at distance k from each other. We make this formal in Equation 7.18.

‘E‘g_Z(EItET:{E[i],E[i+k]}gt<—>§lhEH:{E[i],E[i—i—k]}gh))

P(T,H)=1- =

|E|+k—1
(7.18)
In the above definition, the sum ranges from 0 to |E| + (k — 2) instead of from zero
to |E| — k as in the original formulation. The reason for this is that we pad both ends of
the reference- and hypothesized segmentations with £ — 1 elements (an start counting
at zero). In the original definitions of both P, (and WindowDiff), sliding windows are
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calculated over the input elements without padding. Lamprier et al. [65] show that this
has undesirable effects, as it means not all elements are included in the same amount
of windows. Therefore, they propose padding the input (similar to the padding used
for calculating convolutions in Computer Vision). The input is padded by adding k — 1
dummy elements to both the start and end of the sequence, where these elements are
assumed to be in the same segment as the first or last element respectively.

The WindowDiff metric [84] is an adaptation of P that addresses some issues,
most notably the fact that, in Py , both the reference and the hypothesis agreeing on two
elements not being in the same segment does not mean that the segmentation is actually
correct, as the number of boundaries could still be different. WindowDiff addresses this
be explicitly looking at the number of boundaries between two elements in the window,
as formalized below.

Given a segmentation P, for e, ¢’ € P, let or (e, ') be a function that returns the
number of boundaries in between e and ¢/, thus § is always between zero and |B| — 1
for a segmentation B.

Similarly to Py, WindowDiffy, (T, H) also denotes a chance, but now the chance
that H and T differ in the segment distance between 2 elements which are k steps apart
in E.

|E|+k—2
> (0"(Bl],Bli +k]) # 6" (El], Eli + K]))

WindowDiff (T, H) = —=2 Ty (7.19)

Scaiano and Inkpen [92] introduce WinPR, which is an adaption of the WindowDiff
metric that provides definitions for True Positives, False Positives and False Negatives,
allowing for a more detailed analysis of hypothesized segmentations.

Following the notation above, we define TP, FP and FN in the sliding window
setting.

|E|+k—2
TP= Y min (6" (E[], Eli + k]), 6" (E[i], E[i + k) (7.20)
|E\TIS—2
FP = Z max (0,6" (E[i], E[i + k]) — 6" (E[i], E[i + k])) (7.21)
|E\l+21372
FN= Y max(0,6"(E[i], E[i + k) — 6" (E[i], E[i + k])) (7.22)
1=0

In the WinPR calculations, the total number of true positives is dependent on the
window size, the number of full misses, and the number of near misses. Here, a full
miss is defined as a hypothesized boundary that is more than a distance of k away from
the reference boundary. As such, this mistake will be punished & times. For near misses,
this depends on the window size, because if the mistake is within the window size, it will
only be counted as a mistake k — d times, where d is the distance between the reference-
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and hypothesized boundary. In essence, the WinPR metric extends the WindowDiff
metric by not only reporting whether or not the number of boundaries is equal, but by
measuring the difference in the number of boundaries, and allowing definitions of TP,
FP and FN.

WindowDiff and Py, are defined for fotal partitions. Adjusting them to partial
partitions means we have to decide how to handle elements in E but not in 7" or H.
We also need to adjust the definition of distance. We do so as follows: For P a partial
segmentation of F, let P* be the smallest total segmentation which contains P. Then
each "gap’ in P is filled by one new segment in P*. We then define distance over these
total segmentations, and compute the metrics using all elements in £. In essence we
compute the distance and the metrics as if all gaps were segments as well, the most
natural solution. In the experiments, we will report the sliding-window based metrics as
similarity metrics rather than distance metrics (so subtracting from 1), to make them
easier comparable with the other metrics in this survey.

7.3.4 Metrics on an example segmentation

For clarity, we apply all of the previously discussed metrics to the reference and
hypothesized segmentations shown in Figure 7.1, provide derivations for each of the
metrics, and show an overview of all scores in Table 7.1.

Segment-Level Metrics

For the calculation of the overlap weighted metrics F1 and wF'1 we refer to the intro-
duction and Figure 1.

For the calculation of the BCubed and ELM metrics, we can make use of Figure 7.1
to calculate segment overlap between t. and h, for each element e € E. Since there is
a total of 17 elements in F in the example, we divide by 17 to obtain the final scores for
both BCubed and ELM.
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P (T, H) = (3 3 3 1 3 3 137 4 4 4 4 4 ) ~ 0.59 (1.26)
2 2 2 2 2 2 1 1 2 2 2
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Rgrm (T, H) = (2 2 2 2 2 127 2 2 3 3 3 ) ~ 0.59 @27
4 4 4 4 4 4 1 1 4 4 4
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Flppa (T, H) = (5 5 5 5 5 5 3 3 7 7 7 ) ~ 0.60 (1.28)

17

For the calculation of the A metric we make use of Figure 7.4, which shows
the alignment between the reference and hypothesized segmentations, calculated by
matching segments from the reference- and hypothesized segmentations with their
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Figure 7.3: Binary representations of the ground truth and predicted segmentations
shown in Figure 7.1. We follow the convention of having the first element of both
segmentations being a one. The dotted elements at the beginning and end of the
sequences are padding elements used for the metrics based on a sliding window. For
this example we use a window size of k£ = 3, and therefore we pad with two elements
on both the start and end of the segmentations.

closest counterpart based on the intersect-ratio. With this alignment, to calculate the
final value of A we simply have to take the average over these values.

A(T, H) = (7.29)

S~
OO‘MH

Element-level metrics

For the calculation of the element-level metrics, we refer to Figure 7.3. There are 3
True Positives, 3 False Negatives, 4 False Positives and 7 True negatives, yielding the
following scores.

3 3 3 1 3 6

P T,H)=-——"—=2R T,H)=-—— =-F1 T H) = —— = >
bound( ) 314 7 bound( ) 3+3 2 bound( ) 3+ %(3_1_4) 13
347 10

Accuracypound(T, H) = T T 1

For the S and B metrics we set the transposition distance to 1, meaning only adjacent
elements can be swapped, and we weight these transpositions by .5, thus incurring
half the penalty of full misses. Referring to Figure 7.3, there are 3 substitutions and 2
transpositions required to transform the predicted segmentation into the ground truth
segmentation. Given that transpositions are weighted by .5, this results in the following
edit distance: D(T', H) = 3 + (.5 - 2) = 4. There is a total of 3 correct boundaries, and
the total number of possible boundaries 17 in the example. We can now calculate the
scores for both S and B.

4 13 4 3

Metrics based on a sliding window

For the example in Figure 7.1 we will use a window size of k = 3, since taking k to
be half the average segment size here would result in k being equal to one, which is
not really insightful, and for a window size of two we would be comparing consecutive
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Figure 7.4: Alignment of the segments in Fig 7.1 according the the Maximum Likelihood

Assignment from Diaz and Ouyang [34]. The numbers next to the arrows represent the
intersection-over-union score of each of the pairs.

Element-Level Edit-Distance Segment-Level Sliding-Window

Accuracy: .59 S:.76 SQ: .75 Py: 42
B: .43 A: .53 WindowDiff: .47
Boundary BCubed ELM WinPR
P: 43 P: .68 P: .59 P: .60
R: .50 R: .72 R: .59 R: .50
F1: .46 F1: .65 FI1: .60 F1: .55
F1 wkF1
P: .57 P: 43
R: .66 R: .50

F1: .62 Fl: 46

Table 7.1: Scores for all the metrics calculated for the example shown in Figure 7.1

elements, which will result in the same scores for all three metrics. With a window
size of 3, we will pad with two elements on both the start and the end of the reference-
and hypothesized segmentations, copying the value of the nearest element. With 17
elements in the example, and a padding of 3, we have to compute a total of 17 +2 = 19
windows

Py(T,H) = %,WindowDiff(T, H) = %
6 6

Pwinpr(T,H) = 1%),va/mP]~z(T7 H) = %,FlmeR(T7 H) = m =11

Using the numbers in Table 7.2 we can compute the Py, WindowDiff, and WinPR
metrics. For the Pj; metric, we simply count the number of times that both the reference
and the hypothesized segmentation have any boundaries (since there are no instances
where they both have none), and divide this by the total number of windows (19 in our
case). For WindowDiff we count the number of times the number of boundaries differs
between the reference and the hypothesized segments (i.e. the subtraction is not equal
to zero).

For the WinPR metric, we have to calculate the number of True Positives, False
Positives and False Negatives. In Table 7.2 we can get the number of True Positives by
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bounds,y o o0 o011 01 1 01 2 1 011 0 0 0 O
boundshy, o o0 o001 2 10 01 2 2 1000 1 1 0
Agreement T T TF T F TFTTT T FFFT F FT
bounds,ey — boundspy, o o0 o010 -2o0150090-1 -1 11 0 -1 -1 0
min(bounds,eg, boundspy,,) 0 0 0 0 0 1 0 I 0 0 1 2 1 0 0 0 0 0 0

Table 7.2: Number of boundaries for all the 19 windows over the reference and hypoth-
esized segmentations in Figure 7.1.

summing the min(boundsy,f, boundsy,,) row, yielding 6 True Positives. The number
of False Positives is the sum of the negative in the bounds,.; — boundsp,, row, and
the False Negatives is the sum of the positive numbers, yielding 6 False Positives and 4
False Negatives respectively. With these numbers we can now calculate the precision,
recall and F1 scores for the WinPR metric.

7.4 Metric Evaluation

Having formally introduced all of the metrics, in this section we will compare them
based on the four criteria we defined earlier, using both theoretical arguments as well as
a set of experiments designed to evaluate metric behavior. For the meaningfulness and
scrutiny criteria we will provide a high-level discussion of the different model groups
and how well they adhere to these criteria, and for the helpfulness and distinctiveness
metrics we will use a set of experiments on real- and synthetic data to draw comparisons
between metrics. All the code and data used to conduct the experiments in this section
are available on GitHub .

7.4.1 Helpfulness

We start the comparison of the metrics with the discussion of the helpfulness criterion.
Recall that the helpfulness of a system has to do with its ability to aid in the development
of effective segmentation systems, as well as its ability to differentiate between systems
of different qualities. We assess the ability of the metrics in this regard by conducting
two experiments, one focused on the behavior of the metrics on so-called degenerate
systems, and a second experiment focused on the ability of metrics to differentiate
between algorithms of different qualities on a real-world segmentation task.

Performance on degenerate systems

In the first experiment, we test the robustness of the metrics against so-called degenerate
segmentation models, as discussed by Beeferman et al. [9]. We consider the following
three scenarios.

* (singleton) a model that predicts every element to be a separate segment.

* (giant) a model that predicts all elements to be in a single segment.

3https://github.com/irlabamsterdam/TextSegmentationMetricSurvey
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Figure 7.5: Scores of all metrics across the three different model groups on the three
degenerate systems, measured on a synthetic dataset (N=1,000).

* (random) a model that yields a number of segments equal to the number of
segments in the reference segmentation, but these segments are of random sizes.

To evaluate metric behavior under these circumstances, we have generated a syn-
thetic dataset consisting of 1,000 reference segmentations, with an average of 50
segments per segmentation with a standard deviation of 20 segments. Segments have
an average size of 25 elements, with a standard deviation of 10 elements. We have
chosen these numbers in such a way that the created dataset strikes a balance between
segmentations with large segments, and segmentations with smaller segments, as well
as having segmentations of different lengths. Experimentation with these parameters
resulted in very similar metric behavior across different synthetic datasets.

Figure 7.5 shows the average scores of all metrics on the three degenerate systems,
where missing bars indicate a score of zero for that particular system.

In the case of the segment-level metrics, all metrics assign little to no credit to the
singleton and giant systems.

For the element-level metrics, we can see that both the Accuracypoung and S
metrics assign almost perfect scores to the giant and random systems, but almost no
score to the singleton system. This is due to the fact that both metrics are calculated by
dividing the total number of correct boundaries by the total number of boundaries, so
if only a few boundaries are predicted, the score will be relatively high, even if these
boundaries are incorrect. This is in line with the findings of the authors of the S metric,
who state that this metric favors sparse segmentations with few boundaries [42]. Note
that both the F'1;,,,4 and B metrics do not suffer from this issue, and award low scores
to all three systems.

For the metrics based on a sliding window, we can see that the Py, metric assigns
scores of roughly .5 to each of the degenerate systems, in line with the results of the
original paper [9]. WindowDiff and WinPR both improve on this, with WindowDiff
reducing the scores of the singleton system, and WinPR also reducing the score of the
giant system. Both the WindowDiff and WinPR metrics require an exact match in the
number of boundaries in both reference- and hypothesized segmentations, rather than
just an agreement on whether or not the ends of a window are in the same segment, and
as such, the score for the singleton system is lowered significantly.
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The reason that the WinPR metric offers increased robustness to the giant sys-
tem when compared to WindowDiff has to do with the fact that in its calculations
WindowDiff also awards credit for True Negatives, whereas WinPR does not.

Note that, except for F'1g,,,q and B, metrics from all three groups assign a rela-
tively high score to the random system. This is because the hypothesized segmentation
contains the same number of boundaries as the reference segmentation, and therefore
will be ‘better’ than the giant and singleton baselines. In the case of the giant and
singleton baselines, the score a metric gives to these degenerate systems depends heavily
on the reference segmentation, and how many boundaries this segmentation contains.
In general, when taken over an entire dataset, we expect these scores to be close to
zero. In the case of the random baseline,the fact that the number of boundaries in the
hypothesis is equal to the number of boundaries in the reference segmentation means
that there is a somewhat higher probability of correct segmentations. If we have a set of
E elements, with b boundaries in both the reference- and hypothesized segmentations,
then on average I% out of the b boundaries will be placed correctly. We have roughly
25 % 50 = 1, 250 elements per segmentation, with on average 50 segments. This means
that on average we expect % = 2 boundaries to be correct, out of total of 50. For the
segment-level metrics, the expected number of correct predictions is a bit more difficult
to estimate, as it is not directly related to the number of correctly placed boundaries, but
rather based on the overlap between reference and hypothesized segments. However,
the value of the A metric is in this case a decent estimate of the expected performance,
as it measures the degree of overlap (in terms of Intersection-over-Union) between the
closest matching segments in the reference and hypothesized segmentations.

Relating the results back to the criterion of helpfulness, we can conclude that, in the
case of degenerate baselines, the majority of metrics in the element-level and sliding
window-based groups are not helpful, failing to assign appropriate credit to the three
baselines evaluated. In the case of the segment-level metrics, all metrics in this group
are considerably more helpful in this regard, appropriately scoring the three degenerate
baselines.

Performance on a real-world dataset

Although performance on degenerate systems is an important aspect of a metric, it does
not reflect the behavior of these metrics in a realistic scenario, on a real-world dataset,
and with real-world systems. For this, we will conduct a second experiment on a page
stream segmentation task, a typical text segmentation task where the goal is to split
a stream of pages such that the original document boundaries are retrieved. For this
we use the SHORT dataset presented in van Heusden et al. [110], which consists of
streams of pages of governmental documents that need to be separated into the original
documents. We use the predictions of the five text-based models from the paper to
evaluate the different metrics. The test portion of the SHORT dataset consists of a total
of 108 segmentations, with an average of 13 segments per segmentation, and 8 elements
per segment.

We will briefly describe each of the models below, for additional details on the
training procedure we refer to the original paper [110].
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Figure 7.6: Heatmap of the scores of each of the metrics on the SHORT dataset from van
Heusden et al. [110], where red indicates a higher score, and blue indicates a lower
score. Colors are normalized based on the range of each of the metrics separately
(N=108)

¢ BERT A classification model based on the BERT [114] architecture, that makes
binary classifications on whether a page is a boundary or not.

e TEXT-CNN A text classification model based on the architecture described
in Wiedemann and Heyer [121], where an LSTM model and a Convolutional
Neural Network (CNN) are used for binary classification of boundary pages.

e LSTM An LSTM model that, instead of making binary classifications on bound-
ary pages, predicts boundaries for a complete sequence at a time [63].

* KNN A K-Nearest Neighbor algorithm that uses TF-IDF vectors of pages to
predict segment boundaries.

* XGBOOST An algorithm that uses the XGBoost architecture [24] to predict
segment boundaries as a binary classification task.

Figure 7.6 shows the scores of each of the five models, where the colors indicate the
relative ranking of models (red is higher, blue is lower). What is immediately clear from
the figure is that, although the ranges of scores generated by each of the metrics might
differ, the relative ranking of the models is similar, with all metrics considering either
the BERT or the TEXT-CNN model the best-performing model, with almost identical
performance. The same is true for the worst-performing model, with all metrics agreeing
that this is the LSTM model.
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Although Figure 7.6 shows a high agreement between the different metrics when it
comes to ranking models, these are aggregated results, and it is difficult to effectively
compare these metrics based on the average scores of the five models alone. To
investigate their performance in more detail, we have created Kernel-Density Estimation
(KDE) plots in Figure 7.7 for each of the metrics.

As previously mentioned, Figure 7.7 shows that for all metrics, the distributions of
the two best performing models, the BERT and TEXT-CNN models, are nearly identical,
with only minor differences depending on the specific metric. The differences in metrics
are mostly in the distribution of the other three models, and in how these relate to the
BERT and TEXT-CNN models.

Starting with the segment-level metrics, we can see that the distributions of the
Flpcubeqa and Flgp s scores are very similar, with the F'1gy ;s metric assigning
slightly lower scores in general, which is expected given the altered formulation of the
metric. The F1, wF'1 and A metrics all show a clear separation between the distribution
of the two best models, and the three other models.

If we now examine the element-level metrics, we can see that these metrics have
much less between-model separation than the segment-level metrics. This is also
reflected in the aggregate scores from Figure 7.6, with the KNN and XGBOOST
methods achieving scores similar to the BERT and TEXT-CNN methods. The F'154ynd
and B metrics do no exhibit this behavior, and instead show similar distributions to that
of the F1, wF'1 and A metrics.

Regarding the metrics based on a sliding window, P}, and WindowDiff metrics
exhibit nearly identical behavior, where for each of the five models the scores are
relatively close together, and all distribution are centered around a specific value. This is
much less so for the WinPR metric where, except for the BERT and TEXT-CNN models,
the distributions of the other three metrics are much more uniform. This behavior can
be somewhat problematic, as it means that simply using the mean value of this metric
to rank models can be misleading.

When relating these results to the helpfulness of the metrics, we can conclude that
most of the metrics are helpful when ranking real-world systems, and that, although the
specific score distributions and value ranges might differ between metrics, almost all
metrics rank the five systems in the same order.

Other considerations

Apart from the ability of a metric to behave correctly on degenerate systems, and the
ability to properly rank a set of systems on a real-world task, the helpfulness of a
metric is also determined by whether or not it allows for a detailed analysis of system
performance on the type of errors that are made. Most common are the ability to
calculate precision and recall scores, to evaluate if a model is predicting too many or
too few segments. For the element-level metrics, only the F'1g,,,q and B metrics have
this ability, for the sliding-window based metrics only WinPR can do this, and for the
segment-level metrics all metrics except for A can generate precision and recall scores.

To conclude the discussion of the helpfulness criterion, when taking into account
behavior on degenerate systems, ranking ability and the ability to produce precision
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the metrics on the SHORT page stream segmentation dataset (N=108)
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en recall scores, we conclude that all metrics in the segment-level group are helpful
, that for the element-level metrics only F'1p,,,q and B are helpful, and that for the
metrics based on a sliding window, only the WinPRmetric is helpful, albeit somewhat
problematic in its generated score distribution as evident from Figure 7.7.

7.4.2 Distinctiveness

We continue with the evaluation of the distinctiveness criterion. This criterion states that
statistically significant differences in system predictions should result in statistically
significant differences in scores. We will measure the distinctiveness of the different
metrics using a synthetic dataset, where we artificially introduce boundary shifts into
the hypothesized segmentations, and measure the difference in performance under this
scenario for the different metrics.

We will use the same generation procedure for the synthetic dataset as before, with
1, 000 reference segmentations, with an average of 50 segments per segmentation with
a standard deviation of 20 segments. Segments have an average size of 25 elements,
with a standard deviation of 10 elements.

We will then randomly move some of the boundaries up to k positions, where we
continuously increase k to 20 positions (twice the standard deviation). Note that we set
the maximum distance for perturbations at k, but that perturbations of less than k can
also occur, to mimic a more realistic scenario.

Figure 7.8 shows the results of the experiment on the synthetic dataset, with the
distance parameter k£ on the x axis, and the metric value on the y axis. All of the
segment-level metric show a gradual decrease in score as the value of k increases, with
some differences in the gradient of the slope, and the point where the scores level off.
The slope of the F1 metric deviates somewhat from the other metrics in this group, as it
does not directly measure alignment quality. Although more severe errors will cause an
increase in False Positives and False Negatives, this is not directly related to the error
severity, as we are only counting the number of False Positives and False Negatives, and
not their size.

When examining the element-level metrics, it is immediately apparent that both
the Accuracypoung and S metrics are not capable of distinguishing between errors
of different severities, with both metrics assigning near-perfect scores for all values
of k. The opposite is true for the F'1y,,,4 metric, where shifting boundaries quickly
results in scores of almost zero. The fact that we shift up fo k boundaries means
that sometimes boundaries will not be shifted, thus resulting in some credit being
given to these segmentations, but it is clear that the F'1p,,,4 metric also has a very
limited capability when it comes to distinguishing between errors of different severities.
Although the B metric is somewhat capable of this behavior (the scores do not drop
to zero), it is clear that beyond a certain (relatively low) value of k, the metric can no
longer make distinctions between error severities.

Since the metrics based on a sliding window have been designed specifically with
the ability to assign credit to partially correct segmentations in mind, it is unsurprising
that these metrics indeed show a more progressive downwards slope when compared
to the element-level metrics. The P, WindowDiff and WinPR metrics exhibit almost

119



7. Text Segmentation Metrics: A Survey

Segment-Level Element-Level Sliding-Window

— Pk
WindowDiff
—— WinPR

0.8

0.6

04
—— Flscubed

Flem —— Accuracyhpound
02 — F1 Flpound
— WF1 — S
— A — 5
0 5 10 15 0 5 10 15 0 5 10 15
k k k

Figure 7.8: Results of randomly moving segment boundaries up to k positions compared
to the ground truth on a synthetic dataset (N=1,000). The y axis range is shared among
all three plots.

identical behavior, with roughly the same degree of degradation when £ is increased.

Based on this experiment, we conclude that none of the element-level metrics has
sufficient distinctiveness, and that for both the segment-level and sliding window based
metric groups, all metrics exhibit sufficient distinctiveness.

7.4.3 Meaningfulness

Recall that the meaningfulness criterion states that a metric must be plausible as a
measurement tool, and that the generated scores must correlate with the underlying
behavior it is intended to represent. In this section we provide arguments for the
meaningfulness of each of the different metric groups.

Segment-Level Metrics

Although the BCubed metric (and by extension the ELM metric) operate over all the
elements in a segmentation, the approach taken means that they are less prone to the
problems faced by the element-level metrics. For each element e in the domain, it
compares how many elements in the predicted segment of e are also in the true segment
of e (e-precision) and vice-versa (e-recall). Precision and recall for the whole text are
then the mean values over all elements. The intuition is that one measures for each
element e, how well the elements which are predicted to be similar to e (i.e., are in the
same segment) are also truely similar to e, and vice-versa. The F1, wF'1 and A metrics,
since they operate on the segments directly, again provide increased meaningfulness
when compared to the element-level and sliding window based metrics. The scores are,
unlike BCubed and ELM, directly computed over segments, and no averages have to
be taken over elements. Additionally, they allow for the consideration of non-perfect
segmentation, without the need for a hyperparameter, as is the case of the siding window
metrics.
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Element-Level Metrics

In the group of the element-level metrics, the task of text segmentation is seen as an
element-level classification task. In this scenario, the elements would be characters,
words, sentences or other units, and a score is calculated for each individual element.
Although intuitively straightforward, this approach has some limitations when applied
to text segmentation. Imagine a scenario in which a NER system has predicted every
entity perfectly, but all predictions are off by one position. In this case the element
level scores for such as system would be very low. However, although the hypothesized
segmentation is not correct, the segmentation is still intuitively ‘close’ to the reference
segmentation, and thus from a practical point of view should still obtain a reasonably
high score. Although the ability of the S and B metrics to handle small mistakes in
boundary placements makes them somewhat more meaningful, there are still inherent
problems with this approach, mostly based on the fact that they still treat the task of text
segmentation as a binary classification task, with little to no concept of segments. This
means that these metrics fail to meet several of the formal constraints posted by Amigd
et al. [3] regarding clustering metrics.

Sliding Window Metrics

Metrics based on sliding windows are more meaningful than element-level metrics, in
that their formulation considers segments when comparing reference- and hypothesized
segmentations. As such, they exhibit better behavior on some of the formal constraints
as posed by Amig6 et al. [3], such as punishing errors in smaller segments more than
errors in larger segments, however this behavior is largely dependent on the window size
parameter k. This is somewhat problematic, since this value is dataset-specific, and as
such comparisons between different datasets are difficult, since it is not clear in advance
what kind of impact a specific value of k& will have on the behavior of the metric. As
such, we also consider these sliding window metric to be of limited meaningfulness in
practical scenarios.

7.4.4 Scrutiny

Recall that the scrutiny of a metric has to do with whether or not the scores generated
by a metric can be readily explained, simply by observing the scores outputted by the
metric. Although the meaningfulness of a family of metrics is somewhat uniform among
its members, the scrutiny of a metric can vary somewhat per metric, depending on the
specific way in which a metric is calculated. Although it is difficult to objectively judge
the scrutiny of a metric, we can make some more general statements about the scrutiny
of metrics.

Segment-Level Metrics

For the segment-level metrics, the level of scrutiny they exhibit is somewhat similar to
the element-level metrics, although the concept of segments makes it a bit more difficult
to interpret scores. This is why especially for these types of metrics, precision and recall
scores are important, as these can specifically indicate certain model behaviors. As
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meaningfulness scrutiny helpfulness distinctiveness

Segment-Level v v v v
Element-Level X v X X
Sliding-Window X X v v

Table 7.3: Overview of the three metrics groups surveyed in this paper with check-marks
and crosses indicating whether or not they satisfy each of the four criteria.

such, the A metric has limited scrutiny, as the manner in which the alignment is created
(where the alignment is not a bijection, and any-to-many relationships can exist), makes
it difficult to interpret this score, and to make conclusions about model behavior. In this
group, the F1 and wF'1 metrics are arguably the most scrutinious, as the subdivision
into separate parts by usage of the F1 and wF'1 metrics mean that multiple aspects of
the alignment quality of reference- and hypothesized segmentations can be explained
using the metrics. Both the BCubed and ELM metric are somewhat in the middle of
this, with the fact that averages have to be taken over elements making the meaning of
the scores a bit more obscured, but the precision and recall scores still providing ample
signal for evaluation model behavior.

Element-Level Metrics

Due to their simple representation of the segmentation task, the element-level metrics
have a high scrutiny, since the calculation of the scores is straightforward, and what is
being measured is clear (the number of misaligned boundaries between the reference and
hypothesized segmentations). The metrics based on edit-distance are on a similar level
when compared to the boundary F1 and accuracy, with the addition of the transposition
operation to account for small errors in predictions. The k parameter is rather intuitive,
and indicates the distance between different boundaries before they are considered full
misses.

Sliding-Window Metrics

In the case of the sliding window based metrics, the P, and WindowDiff metrics are
somewhat scrutinous, as the definition of agreement is relatively easy to understand, but
the lack of separate scores for precision and recall, and the influence of the window size
make it difficult to easily understand the meaning of a certain score. Take for example
the scores of the P, metric on the degenerate systems, with three completely different
types of predictions, and yet almost identical scores. The addition of the calculation of
False Positives and False Negatives in WinPR aids somewhat, but again the window-size
makes the generated confusion metrics difficult to interpret at first glance.
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7.4.5 Overview of Metric Qualities

Having compared all the metrics using the four listed criteria, we now take a step back,
aggregate the results of these experiments, and draw some general conclusions about
the different metric groups, using Table 7.3 which contains an overview of the three
metric groups, and whether or not they meet the listed criteria.

Segment-Level Metrics

Out of all three metric groups, the segment-level metrics show the most desirable
behavior on the four evaluation criteria that we posed. Not only do these metrics allow
for the proper scoring of models with small boundary inadequacies, they do so without
the need for any hyperparameters, which makes them more versatile than the metrics
based on a sliding window. The experiments also show that they behave appropriately
when presented with degenerate systems, and the presence of precision and recall scores
for most of them not only makes them more helpful, it also add to the meaningfulness
of these metrics. Although maybe not as scrutinous as some of the aforementioned
element-level metrics, their basis in clustering provides a good explainability in the
outputs of the metrics nonetheless.

Element-Level Metrics

When examining Table 7.3, and considering the results of the conducted experiments,
we can conclude that the metrics that measure the quality of a predicted segmentation
at the element-level are poorly equipped to deal with the task of text segmentation.
Although the concept of calculating scores at the element level means the metrics have
high scrutiny, this approach fails to capture some of the essential qualities of the text
segmentation task. This is most visible when examining Figure 7.8, where the inability
of these models to handle partially correct predictions, a fundamental quality in text
segmentation, is highlighted. Although still regularly used in the literature because of
their simplicity, this survey shows that these metrics should be avoided for evaluating
text segmentation tasks.

Sliding-Window Metrics

Given that metrics based on a sliding window were created to solve some of the problems
with the element-level metrics, it is expected that they improve over these metrics in
some respects. Most notably, they allow for the assignment of credit to hypothesized
segmentations with small inaccuracies in boundary placement, which results in an
increased distinctiveness when compared to the element level metrics. However, there
are some significant downsides to this type of approach, mostly notably the need for a
parameter k for the window size. Although it allows for controllability in the behavior
of the metric, it also means that direct comparisons between datasets are difficult, as this
parameter k is dataset dependent, and so the helpfulness of these metrics is somewhat
limited. The performance of the P}, and WindowDiff metrics on degenerate systems is
also questionable. Although the WinPR metric improves on this, the experiments on a
real-world dataset show that the score distribution of WinPR is quite uniform, which
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means simply reporting averages for this metric is most likely not informative enough
to make proper decisions about model performance.

7.5 Overlapping segmentations

In this section, we examine the case of overlapping segmentations, where an element
can belong to multiple classes simultaneously, and show how the overlap weighted
segment based precision and recall metrics can naturally be adapted for such a scenario.
We will sometimes use the term clusterings instead of segmentations because both the
problem and our solution occur in the more general case of (partial) clusterings.

In this paper we consider the scenario of overlapping clusters where, at the bound-
aries of segments, elements can overlap. An example of a fuzzy border in topical
text-segmentation is a ‘bridge-sentence’ between two topical sections which could be
added to both segments.

In Amigé et al. [3], the BCubed measure is extended to overlapping clusterings,
by not only considering whether or not two items share a cluster, but by additionally
counting how many clusters are shared. This metric has the undesirable property
that a hypothesized clustering which is not equal to the reference clustering can still
receive a perfect score. This is repaired in [90] by introducing a matching function that
attempts to establish mappings between predicted and ground truth clusters. Although
this addresses some of the shortcomings of the original formulation from [3], it does
require significant alterations to the original metric, and leads to a more complicated
formulation.

In the case of segmentations with fuzzy borders, segments can overlap at their
boundaries, and thus elements can belong to more than one class. With fuzzy border
clustering, both 7" and H are subsets of the powerset of E, without the non-overlap
constraint. In order to define the wF'1 metric over segmentations with possibly overlap-
ping clusterings, we borrow the concept of cluster cores from the k-clique percolation
method for graph clustering from Palla et al. [82].

For t; € T define the core of t;, denoted by #;, as t; \ |J i j» and similarly for

h; € H. By definition, cores do not overlap, and whenever { is not empty (A) is an
injective function. We can now define the weighted P, R and F1 scores as follows:

1. compute the set of TPs using the cores;
2. compute the unweighted scores using this set of 1" Pss;

3. compute the weight S as the mean [oU of these T'Ps but then computed over
the original clusters, that is

S hiyerploU (h,t)

50 = 7P]

4. The weighted scores are then the unweighted scores multiplied by the weight SQ,
as before.
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Figure 7.9: Progression of the wP, wR and wF'1 scores in the case of overlapping clus-
tering, with the amount of overlap between the hypothesized clusters being controlled
by the parameter k& (N=1,000)

Note that, in the case that both the reference- and the hypothesized segmentations
contain no overlapping segments, this formulation is equivalent to the original definition,
since the cores of the segments are simply the segments themselves.

To investigate the behavior of the thus adjusted wF'1 metric on segmentations with
different grades of overlap, we construct a synthetic dataset to see the impact of various
levels of overlap, and artificially increase the amount of overlap in the hypothesized
segmentation. For this synthetic dataset, we will use a similar setup as before, with the
dataset consisting of 1, 000 reference segmentations, with an average of 50 segments
per segmentation with a standard deviation of 20. Segments have an average size
of 25 elements with a standard deviation of 10. However, instead of having only
non-overlapping segments in the reference segmentation, we let the segments random
overlap between zero and five elements to have a more realistic scenario, in which both
the reference- and hypothesized segmentations have overlapping segments.

For the experiment, we start off with the hypothesized segmentation equal to the
reference segmentation, but we keep increasing the overlap between the segments, up
till 25, since this is the average segment size in the reference segmentations.

Figure 7.9 shows the results of the experiment with controlling the overlap in the
hypothesized segmentation. The behavior of the modified metric is very similar to that of
the original metric when the severity of errors is increased, showing a relatively gradual
decrease in scores as the (excessive) overlap in the hypothesized segmentation increases,
reaching nearly zero at the end of the graph. Although this initial experiments shows
that the modified metric seems to behave appropriately, of course more experiments
on real data have to be carried out to determine the efficacy of this modified version of
wkF'1.

7.6 Conclusion

In this chapter, we have surveyed three groups of extrinsic evaluation metrics for
the task of text segmentation, where reference- and hypothesized segmentations are
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directly compared. Using the criteria of meaningfulness, scrutiny, helpfulness, and
distinctiviness, we compared segment-level, element-level, and sliding window based
metrics, using a combination of theoretical arguments and experiments on synthetic and
real-world datasets. Although the element-level metrics (which include the well-known
precision and recall on elements) are highly scrutinized and used often throughout
the literature, the underlying assumptions of these metrics are flawed. Their inability
to allow for small errors in segmentation and their inability to distinguish between
segmentations of different qualities accurately mean that they are of little practical
use when developing text segmentation systems. The methods based on a sliding
window, which were developed specifically for the evaluation of text segmentation
tasks, are better able to handle small errors in segmentation and to distinguish between
segmentations of different qualities, due to the fact that they compare windows of
segmentations, rather than just elements. However, the complicated formulations and the
need for a parameter that controls window size mean that performing comparisons across
different methods and papers is complicated. The group of metrics that best satisfies
the four criteria posed in this paper is the segment-level group of metrics, measuring
the quality of a predicted segmentation by directly comparing the segments in both the
reference and hypothesized segmentations. Their direct comparisons between segments
mean that the metrics can handle small errors in segmentations without the need for
a hyperparameter, and that they are better in distinguishing between segmentations
of different qualities. The overlap weighted metrics are particularly suited for this
task, with separate scores for precision, recall, and F1 allowing for a detailed analysis
of model errors, and the definition of segmentation alignment providing a simple
and natural formulation of the task. Another positive aspect of the overlap weighted
segment-level metrics was the ease with which they could be adapted to overlapping
segmentations.
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Conclusions

At the start of this thesis, we set out with the aim of improving public access to Dutch
FOIA documents, and increasing the FAIRness of such documents at scale. As alluded
to in the introduction, the current publication practices of government organizations
are often not in line with the FAIR guidelines, and there is little coordination between
different government agencies. In an attempt to improve the quality of these documents
at scale, this thesis poses the following main research question.

Main Research Question Can we develop enabling technology to improve FOIA doc-
ument quality at scale, and how do we evaluate the quality of these extreme
document clustering and segmentation tasks?

Open government data concerns releasing recent government records from the current,
state-of-the-art internal document and records management systems. This, however,
is no guarantee that released open government information is in a form that satisfies
common standards on Findability, Accessibility, Interoperability, and Re-usability
(FAIRness) of digital assets. As a result, this thesis is focused on the post-hoc correction
of Dutch FOIA documents, where we formulate two key objectives.

Key Objective 1 To develop effective document processing technology for FOIA doc-
uments.

Specifically, we focused on two key tasks that benefit downstream page segmentation
and OCR output: page stream segmentation of complex dossiers into individual docu-
ments and redacted text detection. Both the page stream segmentation and redacted text
detection tasks can be seen as instances of document segmentation and clustering tasks,
and as such, evaluating methods developed for these tasks requires specific metrics to
fit the task. This leads us to our second key objective.

Key Objective 2 To Evaluate Extreme Document Segmentation and Clustering Tasks.

In this final chapter, we will revisit the two key objectives we posed at the start of the
thesis, and briefly summarize the results from each of the chapters, and where this
leaves us on the main research question of the thesis. We finish with some directions for
future work.
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8.1 Main Findings

8.1.1 Document Processing Technology (for FOIA Documents)

In Part I of the thesis, we focused on the development of automated technology for the
tasks of page stream segmentation and redacted text detection, and evaluated several
techniques for their application in the domain of FOIA documents in Chapters 2 and 3.
We then applied these techniques to a large dataset of Dutch FOIA documents in
Chapter 4, and used these to enhance the quality of these documents at scale.

In Chapter 2 we set out to investigate different types of approaches for the task of
page stream segmentation, asking the following research question:

RQ1 What is the efficacy of methods from Machine Learning for the task of Page
Stream Segmentation?

We answered this question by creating a benchmark of two large public datasets of
Dutch FOIA documents, after which we evaluated models from four approach types
using both page- and document-level metrics. To mimic real-world usage of systems, we
also conducted experiments where models were tested on data from a different source
than the data they were trained on, to test their robustness to out-of-distribution data.
Our experiments showed that neural networks trained using a binary page-classification
scheme obtained superior performance compared to the other approach types in both
the in-distribution and out-of-distribution scenarios. For the in-distribution scenario, a
model that combined the textual and visual page representations proved most successful,
whereas in the case of out-of-distribution data, an approach based solely on textual
information proved most effective.

In Chapter 3, we continued the investigation into Machine Learning techniques for
document processing tasks, tackling the task of redacted text detection. Due to the
variety of possible redaction types, automatic methods that are robust to a wide variety
of different types are required. Apart from a rule-based method developed by Bland
et al. [15], little work has been done on developing such methods in the literature. To
address this, we posed the following research question.

RQ2 What is the efficacy of neural image segmentation methods for the large-scale
detection of redacted text?

We answered this research question by creating an annotated dataset of redactions and
comparing two neural image segmentation models to an existing rule-based detection
system. The dataset included the addition of pages without redactions, to mimic a
scenario where a model is directly ran on all the documents in a collection. We found
that both neural segmentation methods significantly outperform the rule-based method,
while only requiring a limited amount of training data to achieve weighted F1 (i.e.,
Panoptic Quality) scores in excess of .93, thus showing these models can effectively
detect redactions in documents. Additionally, both models produce significantly fewer
false positives when tested on pages without annotations.

To investigate the feasibility of constructing a large-scale collection of FOIA docu-
ments, and to gain insights into the intricacies of the process, we constructed the Woogle
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dataset in Chapter 4. Apart from providing an opportunity to test our developed methods
on a large scale, it also provides us with insights into the feasibility of constructing the
dataset with limited resources. In this chapter, we thus answered the following question:

RQ3 What lessons can be learned from a Living Lab of FOIA documents?

Through the construction of the Woogle dataset, we have learned valuable lessons
about the process of collecting and publishing FOIA documents in the Dutch FOIA
landscape. First of all, by creating a standardized set of metadata attributes and having
processes to automatically extract these attributes from documents, it is possible to
harmonize data from different suppliers. Secondly, the usage of off-the-shelf techniques
for the processing of documents (think of PSS and the detection of redacted text) and
the enhancement of text data proved good enough to publish the documents in such
a way that they were useful for use in a search engine. The creation of the living lab
showed that, although complicated, the large-scale construction of a collection of FOIA
documents is possible.

8.1.2 Evaluation of Extreme Document Segmentation and Clus-
tering

In Part IT we explored several evaluation metrics suitable for the extreme clustering tasks
described in Part I, with the discussion of alterations to the BCubed and Panoptic Quality
metrics in Chapters 5 and 6, and an extensive comparison of three metric paradigms for
text segmentation tasks in Chapter 7.

Chapter 5 is concerned with the BCubed evaluation metric, and aims to address
some of its shortcomings, such as its inability to give a score of zero to any hypothesized
segmentation.

To this extent, we posed the following question:

RQ4 Can the BCubed metric be repaired in such a way that its shortcomings are
addressed while still maintaining its desirable theoretical properties?

We answered this research question in the affirmative by proposing ELM, and proving
that this proposed alteration of BCubed maintains the desirable theoretical constraints
of the original formulation, while also addressing its shortcomings. Due to its altered
calculation, ELM allows a zero score to be obtained when, for every element in a
segmentation, the overlap between the reference and hypothesized segments containing
the element contains no other element.

In addition, our empirical evaluation of both metrics also showed that, when used to
rank the outputs of different systems against a gold standard, ELM can produce rankings
different to that of BCubed, showing that ELM is not merely a more conservative version
of the BCubed metric.

Chapter 6 was concerned with the Panoptic Quality metric, focusing specifically
on the matching criterion used for aligning reference and hypothesized objects when
scoring a hypothesized segmentation. In the original formulation of the Panoptic Quality
metric, an alignment between the reference and hypothesized segmentations is created
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by matching segments that have an Intersection-over-Union score of larger than .5,
ensuring a one-on-one mapping. This alignment allows for the calculation of confusion-
based metrics. Although this choice of threshold seems natural, there might be other
matching criteria that are more general, and still maintain this one-on-one mapping. As
such, we pose the following research question:

RQS5 Is there an objective mathematical criterion for defining a matching function that
ensures a one-on-one mapping between two sets of (non-overlapping) clusters?

We answer this research question in the affirmative by showing that there is in fact a
most general matching criterion that maintains a one-on-one mapping over its inputs,
which can be achieved by requiring the number of overlapping elements to be bigger
than both the number of missed and the number of spurious elements. Apart from
this, our empirical evaluation of both matching conditions shows that the more general
matching rule yields more true positives when compared to the original formulation,
when measured on real-world datasets Although the difference is small, these additional
true positives can be meaningful in cases where False Negatives are very costly.

As we have seen in Part I of the thesis, there are different tasks that can be formulated
as a segmentation problem, and there exist many different metrics in the literature,
depending on the specific task: In addition to the metrics discussed in Chapters 5 and 6,
metrics such as element-based accuracy, and metrics based on sliding windows. As
was the case for the task of PSS in Chapter 2, many different metrics exist, and a clear
comparison of these metrics on both a theoretical and practical level was missing. As
such, we posed the following question in Chapter 7:

RQ6 What is the most appropriate type of metric for the task of text segmentation?

We answer this research question by providing an extensive theoretical comparison
of three groups of evaluation metrics, comparing them based on a set of qualities a
‘good’ evaluation metric should have. Apart from the theoretical comparison, we also
perform a set of experiments, comparing metrics on both synthetic datasets, as well as a
real-world dataset. The experimental results show that the segment-level metrics, and in
particular the PQ metric, have the most desirable behavior in both cases, as they most
closely align with the criteria for good evaluation metrics, without the need for specific
hyperparameters.

Summary

This thesis makes important progress toward the main research problem of the thesis:
Can we develop enabling technology to improve FOIA document quality at scale, and
how do we evaluate the quality of these extreme document clustering and segmentation
tasks? We divided this research problem into two clear objectives corresponding to
Part I and Part II of this thesis.

Our findings of Part I on Key Objective 1 to develop effective document processing
technology for FOIA documents, focused on creating enabling technologies for the
publication of FOIA documents at scale. Our specific contributions focused on two
elementary tasks that are necessary (but not sufficient) key components for effective
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FOIA document processing technology. First, our contributions to page stream segmen-
tation are key for identifying individual documents released in long PDF streams. Such
segmentation is a necessary precondition for providing access to the released documents
individually. Second, our contributions to the redacted text detection significantly im-
prove the optical character recognition (OCR) output. Such OCR output is a necessary
precondition for indexing and searching through the content of the released documents.
Third, our contributions to publicly releasing a large set of FOIA requests as open data
is an essential step toward enabling and accelerating research on FOIA search by the
research community. While this thesis makes great progress on the aim of developing
effective document processing technology for FOIA documents, our components may
be further improved, and other components are needed to further enhance the access to
FOIA documents at scale.

Our findings of Part IT on Key Objective 2 to evaluate extreme document segmenta-
tion and clustering tasks, focused on effective evaluation of FOIA document processing
technology. We have shown that by using techniques from Machine Learning, evaluated
using the appropriate evaluation metrics, we can develop solutions for document pro-
cessing tasks (in our case for Page Stream Segmentation and redacted text detection).
Additionally, we showed that these techniques can be applied at scale, by the creation
of the Woogle dataset, and that such a collection is a valuable resource for future re-
search. Thus the results presented in this thesis show that with the proper methods and
evaluation techniques, the post-hoc repairing of FOIA documents at-scale is feasible,
and can contribute to closer adherence to the FAIR principles for these documents.

8.2 Future Work

This is the first thesis investigating how technology can improve public access to
open government documents, and it provides only the first steps towards solving this
formidable problem. We view this thesis as opening up this new research field, and hope
that the data, tools, and evaluation measures will be instrumental in promoting further
research on this challenging problem with the potential for great scientific, social and
societal impact.

The research in this thesis can be extended in various ways in future research, for
which we now give a few directions, grouped by the two parts of the thesis. For the
objective to develop effective document processing technology for FOIA documents,
future research includes the following.

First, a natural aspect of document quality is the text quality within these documents.
Since the methods in which documents are produced vary greatly, there can be significant
differences in the quality of the resulting text, for example, from poor quality OCR. Our
preliminary work on detecting and repairing this has been done in van Heusden et al.
[108], but further research is needed in developing a robust and efficient method for
improving the overall text quality of FOIA documents.

Second, there is a range of other document processing tasks we have not covered in
this thesis. In particular, advanced information extraction was only explored in part in
Chapter 4 for metadata, but both classic and modern information extraction models have
proven effective to extract, standardize and summarize key information from complex
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composite dossiers of documents, even far beyond traditional metadata that is available
in the original internal document or record management systems.

Third, another aspect of the digitization process that we have not covered in this
thesis is developing enabling technology that can aid in the creation of these FOIA
documents. Consider, for example, a system that can detect sensitive information in a
document and suggest redactions. Although these technologies are not directly involved
in improving the FAIRness of documents, they do aid in making the publication process
more efficient, which in turn can lead to better public access to these FOIA documents.

For the objective to evaluate extreme document segmentation and clustering tasks,
future research includes the following.

First, setting up effective evaluation measures that reflect the value of documents
remains key for further developing any FOIA document processing technology. This
involves both more conceptual and theoretical grounding of the measures, for example,
addressing some of the remaining problems identified in Chapter 7.

Second, while scalable and reusable automatic evaluation measures are essential for
technological developments, these also look at one particular aspect, typically abstracted
away from the underlying use case or application. It is also important to validate the
outcomes in practical use cases. One approach is by implementing prototype systems as
we pioneered in Chapter 4. Another approach is to validate the findings in user-centered
evaluation and user studies in the wild.

Third, evaluation typically requires large-scale labeled data, which is not always
available, or sometimes not publicly shareable due to privacy or other concerns. One
attractive alternative that has emerged in recent years is to use large-scale pseudo-
annotated data, annotated not by human editorial judges but by using large language
models with specific and detailed prompts to annotate data at scale. While this risks
breaking the required independence of evaluation data, this allows for scaling up training
data, and fast prototyping and developing on new data, tasks, and domains. Such LLM-
Eval approaches can be a pragmatic way forward, and can be attractive and effective
when combined with the user-centered validation mentioned in the previous point.

More generally, as previously mentioned, the current way documents are created
and published often leads to the need for post-hoc ‘repairs’ to make them meet the FAIR
data standards. In an ideal scenario, rather than resolving issues after publication, we
could address these problems at the source. This requires creating standardized proce-
dures for the publication of documents and their metadata, and having quality control
mechanisms in place to guarantee high-quality data, interoperable between different
suppliers. However, the sheer number of suppliers involved means that this requires
complex coordination and clear best practices implemented across all the systems and
practices of publishing open government data across all levels of government, rather
than a simple short- or midterm solution. We can only hope that the best practices
identified in the thesis will help promote the quality and (re)usability of released open
government data in the future.
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Summary

Improving Public Access to Government Documents

In this thesis, we address the challenge of the large-scale publication of Dutch FOIA
documents in such a way that they adhere to the common FAIR data principles for
digital artifacts. Current publication practices mean that much of the FOIA documents
published online do not adhere to these principles, limiting the usefulness of these
documents to citizens and researchers alike. Since addressing these problems at the
source (i.e., before publication) is currently not a viable solution, this thesis focuses on
developing and evaluating methods for the post-hoc repair of such documents.

Part I of the thesis is concerned with developing automatic methods for the page
stream segmentation of complex dossiers into individual documents, and redacted text
detection to benefit downstream page segmentation and OCR output. In Chapter 2 we
create a benchmark for the page stream segmentation task, consisting of two datasets of
Dutch FOIA documents annotated with document boundaries, and a set of evaluation
metrics. We evaluate four different groups of models in both an in-distribution and
out-of-distribution setting, and find that the models based on neural networks that use
a binary page-classification scheme perform best. In Chapter 3, we investigate the
efficacy of neural image segmentation methods for automatically detecting redacted
text in FOIA documents. Our results show that these segmentation methods are highly
effective in detecting redactions and also have a low false positive rate on pages not
containing redactions. Chapter 4 is concerned with creating the Woogle dataset, a large
collection of Dutch FOIA documents, collected through web-scraping, and integrated
into a search engine. The creation of this dataset shows that using our methods and
a strict metadata scheme results in a high-quality dataset that is searchable and more
closely adheres to FAIR data guidelines.

Part IT of the thesis is concerned with investigating evaluation metrics for the extreme
clustering tasks from Part I. In Chapter 5 we revisit the BCubed clustering metric and
propose the ELM metric, a slight variation of the original metric that addresses some
of the shortcomings of BCubed. Through theoretical proofs and experiments, we
show that the ELM metric behaves similarly to BCubed, can achieve a score of zero
(unlike the original), and still satisfies formal constraints set out by Amigé et al. [3].
Chapter 6 discusses the Panoptic Quality metric from Computer Vision, and proposes
an alteration of this metric that uses a more general matching condition for aligning
reference and hypothesized segmentations. Through theoretical proofs and experiments
on three image segmentation datasets, we show that the metric behaves similarly to
the original, while yielding more true positives. Chapter 7 compares three different
metric groups and their suitability for evaluating text segmentation tasks. Through
theoretical arguments and experiments on synthetic and real-world datasets, we show
that the group of metrics measuring performance on the segment level has the most
desirable properties, particularly the overlap-weighted F1 score (the PQ metric), which
is well-behaved under different circumstances.

Overall, this thesis has aided in the development of automatic techniques for process-
ing FOIA documents, showing that with some effort, it is possible to develop enabling
technology for enhancing the quality of such documents.
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Samenvatting

Improving Public Access to Government Documents

In dit proefschrift behandelen we de uitdaging van de grootschalige publicatie van Ned-
erlandse Woo documenten op een dusdanige manier dat deze voldoen aan de bekende
FAIR data standaarden voor digitale objecten. De huidige publicatiewijzen hebben als
gevolg dat veel van de online gepubliceerde Woo documenten niet aan deze standaarden
voldoen, met als gevolg een beperkte bruikbaarheid van deze documenten voor zowel
burgers als onderzoekers. Omdat het bij de bron aanpakken van deze problemen (i.e.
voor publicatie) momenteel geen haalbare oplossing is, richt dit proefschrift zich op het
ontwikkelen en evalueren van methodes om zulke documenten achteraf te repareren.

Deel I van het proefschrift is gericht op het ontwikkelen van automatische methodes
voor de pagina segmentatie van complexe dossiers in individuele documenten, en het
detecteren van geredigeerde tekst, ten behoeve van het verbeteren van latere pagina
segmentatie en de output van OCR systemen. In Hoofdstuk 2 creéren we een dataset
voor de page stream segmentation taak, bestaande uit twee datasets van Nederlandse
Woo documenten geannoteerd met documentgrenzen, en een set van evaluatiemethodes.
We evalueren vier verschillende model groepen in zowel de in-distributie en buiten-
distributie scenario’s, en zien dat neurale modellen die een binaire pagina-classificatie
aanpak hanteren de beste resultaten opleveren. In Hoofdstuk 3 onderzoeken we de doel-
treffendheid van neurale visuele segmentatiemethodes wanneer deze worden gebruikt
voor het automatisch herkennen van geredigeerde tekst in Woo documenten. Onze
resultaten laten zien dat dit type segmentatiemodel zeer effectief is in het herkennen van
geredigeerde tekst, en dat tegelijkertijd het aantal vals-positieven op pagina’s zonder
redacties zeer laag is. Hoofdstuk 4 richt zich op de creatie van de Woogle dataset, een
grote collectie van Nederlandse Woo documenten, verzameld door web-scraping en
geintegreerd in een zoekmachine. De creatie van deze dataset laat zien dat, door gebruik
te maken van de ontwikkelde methodes en een strikt metadata schema, een dataset van
hoge kwaliteit kan worden gemaakt, die beter doorzoekbaar is en beter aansluit bij de
FAIR data principes.

Deel II van het proefschrift beschrijft het onderzoek naar de geschiktheid van ver-
schillende evaluatiematen voor gebruik met de extreme clustering taken uit Deel I.
In Hoofdstuk 5 kijken we opnieuw naar de BCubed evaluatiemaat, en stellen we de
ELM maat voor, een kleine aanpassing aan de originele evaluatiemaat die sommige
tekortkomingen van de originele maat repareert. Door middel van theoretische bewijzen
en experimenten laten we zien dat de ELM maat vergelijkbaar gedrag vertoont aan de
BCubed maat, een score van nul kan behalen (in tegenstelling tot de originele maat)
en dat het nog steeds voldoet aan de formele eisen opgesteld door Amigé et al. [3].
Hoodstuk 6 behandelt de Panoptic Quality evaluatiemaat, afkomstig uit het vakgebied
van Computer Vision, en stelt een aanpassing aan deze maat voor die gebruikt maakt van
een algemenere matching conditie om gold standard en voorspelde clusters aan elkaar
te koppelen. Door theoretische bewijzen en experimenten op drie grote segmentatie
datasets laten we zien dat de maat vergelijkbaar werkt met de originele maat, terwijl het
meer True Positives genereert. Hoofdstuk 7 vergelijkt drie verschillende paradigma’s
van evaluatiemethodes, en hun toepasbaarheid voor tekst segmentatie taken. Gebruik-

145



8. Samenvatting

makend van theoretische argumenten en experimenten op synthetische en echte datasets
laten we zien dat de groep maten die modelkwaliteit op het segmentniveau meet de
meest wenselijke eigenschappen heeft, met name de overlap-gewogen F1 score (de PQ
maat), die het best gedrag vertonen onder verschillende omstandigheden.

In conclusie, dit proefschrift draagt bij aan de ontwikkeling van automatische
technieken voor het verwerken van Woo documenten, en heeft laten zien dat, met enige
inspanning, het mogelijk is om technologieen te ontwikkelen die de kwaliteit van Woo
documenten kunnen verbeteren.
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