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Abstract

Scholars of (computational) communication science, political science, and information science
have developed a wealth of approaches to detect whether a connection exists across various
platforms, agendas, or individual actors, through the information they share. However, not only
is the tracing of such connections difficult and computationally expensive, the validation of
information flows is even more challenging. High quality manually-labeled human annotations
are costly, time-consuming and cognitively taxing even for expert annotators due to the dynamic
nature of flows. We harness the power of recently emerged more open, light-weight, and
self-hosted Large Language Models (LLMs) LlaMA 7B-chat and LlaMA 13B-chat and an
human expert annotator to propose and test to what extent can we employ an LLM-assisted
human validation scheme for document-comparison-based annotation tasks such as the detection
of information flows across documents. We apply this novel scheme to a corpus of news article
pairs published around the Dutch General elections of 2021. Although the LLMs in our
proposed validation scheme did not prove very successful on neither the topic-level, nor the
news events-level matching tasks, our analyses provide a series of valuable insights that scholars
should take into account when working with LLMs and when validating flow-based methods.
We also publish a high-quality, expert evaluated gold standards dataset for information flows on

topic-level as well as news-events-level that can be used for evaluation and training purposes.

keywords: information flows, validation, LLMs, annotation, gold standard

Introduction

Chapter 2 and Chapter 3, studied information flows using state-of-the-art computational
methods to provide a deeper understanding of the role of dark platforms in the broader media
system as well as to explore new ways of studying influence dynamics in the contemporary
information ecosystem. After uncovering new ways of tracing information flows in the
contemporary media system, it has become clear that methodological progress in tracing
information flows is held back by the absence of rigorous validation approaches. In fact, our
knowledge is extremely limited regarding the challenges that affect that validation of more
complex, and flow-based methods such as the validation of methods tracing information flows.

Therefore, the aim of this chapter is to propose a novel validation scheme that could aid
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Chapter 4 . Validating methods tracing information flows

computational communications scientists in testing the validity of advanced computational

methods used to trace information flows.

Tracing information flows across various entities has been studied by several different
disciplines using similar methods. From computer science, communication science to political
science, these studies broadly focused on how (textual) content spreads between different (types
of) news sources, agendas, platforms, or actors across time and various issues (see e.g. Trilling &
van Hoof, 2020; Welbers et al., 2021; Wilkerson et al., 2015; Zannettou et al., 2017). The
notion of information flows is at the core of a wealth of studies that deal with such topics and
theories as agenda-setting (Barberd et al., 2019), information reliance (Welbers et al., 2021;
Wilkerson et al., 2015), content-overlap (Chapter 2), discursive power (Jungherr, Schroeder, &
Stier, 2019), or information cascades (Nicholls & Bright, 2019). While these studies may be
grounded in diverse theoretical frameworks and conducted on various levels of analysis, they
share common methodological approaches that are largely based on document comparison.
Specifically, they employ various document similarity metrics to evaluate to what extent the type
of information flows they are investigating are discernible among the actors, platforms, or

agendas under study.

As demonstrated by Chapter 2 and Chapter 3, existing research offers fruitful avenues for
detecting information flows across a variety of different documents and entities. However, it has
become clear in these chapters as well as previous research that the validation of such methods
remains practically challenging, time consuming and expensive. Generating a “gold standard
dataset” — high quality manually-labeled data that is assumed to be correct (Welbers et al., 2018)
poses non-trivial challenges not only for more complex and dynamic tasks such as detecting
whether subtle information flows occurred between random document pairs, but also arguably
less complicated, and more static natural language processing (NLP) tasks such as the
identification of political and news-related information within a single domain, in one

document at a time (Menchen-Trevino et al., 2023; van Hoof et al., 2023).

What makes the validation of information flows complex? The detection of information flows
can be divided into two sub-tasks. The first one is the identification of a particular representation
of interest such as “newsflows” (Trilling & van Hoof, 2020; Welbers et al., 2021), the flow of
policy ideas (Wilkerson et al., 2015), or issue attention and agenda-setting (Barberd et al., 2019).
These information representations can take various forms when measured in text, including bag-
of-words, named entities, word embeddings, or topics. The validation of these computational
approaches is arguably well-understood by the literature and can usually be performed without
too many difficulties (see e.g., Nicholls & Bright, 2019; Trilling & van Hoof, 2020).
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However, the second sub-task of linking the previously identified representations is much less
understood, making the validation of information flows a complex endeavour. To illustrate,
validating information flows entails the need to identify representation (i.e., sub-task 1) and
then perform pairwise document comparison by taking the passing of time into consideration
(i.e., sub-task 2). Even if we disregard the time issue for now, document comparison alone poses
a significant challenge. When comparing documents for information flows, annotators need to
read at least two (or more), often random documents side by side, and it is often not
immediately clear where the similarity between the documents lies. For example, take the
counting of overlapping named entities (e.g., people, locations). To accomplish this task, the
annotator must identify and then retain all the entities from one text in their memory while
scrutinizing the other text. Doing this systematically is difficult and tiresome. The more aspects
the annotator needs to consider, the more cognitively taxing and time-consuming the task

becomes.

Moreover, the biggest challenge is the exponential nature of annotating for information flows.
To illustrate, annotating for information flows across a corpus of 10 news articles already
requires 45 annotations per annotator when annotating for information flows across all possible
combinations of text pairs. For 50 articles the number of required annotations is 1,225. In
practice, computational social scientists work with much larger corpora, hundreds, thousands,
or even millions of documents. For 1000 articles, the number of required annotations
skyrockets to 499,500. Performing such high numbers of annotations tasks is not realistic.
Therefore, when generating gold standard data for more dynamic tasks, that are exponential in
nature and that require the careful consideration of multiple features side by side (i.e., document

comparison), it becomes extremely cognitively taxing to obtain high quality annotations.

Against this backdrop, when thinking about validating automated text analyses approaches
we can distinguish between more szatic validation tasks that can be used to benchmark the
identification of concepts, and more dynamic, document-comparison-based validation tasks that
study flows. This study focuses on innovating the dynamic aspect of validating information
flows (i.e., sub-task 2). We propose and test a proof of concept for a novel, LLM-assisted human
validation scheme that harnesses the power of light-weight and self-hosted Large Language
Models (LLMs) as well as an expert annotator to optimize the generation of a gold standard data

for the detection of information flows.

LLM-assistance in this study can either be comprehensive or partial. Comprehensive
LLM-assistance entails that human annotators receive highlighted keywords, as well as

evaluations (reasoning) regarding match levels across document pairs. Partial assistance on the
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Chapter 4 . Validating methods tracing information flows

other hand only includes highlighted keywords. With the testing of this novel validation scheme
we hope to aid computational social scientists in making well-informed decisions about their
complex validation tasks in order to ultimately achieve higher quality as well as more cost- and
time-efficient gold standard data generation for their complex NLP approaches. We provide
detailed guidance to researchers by scrutinizing if and under what conditions can the proposed
LLM-assisted human validation be of use to optimize the validation process of complex
annotation tasks that involve dynamic components. Moreover, we make available a high-quality
gold standard dataset for information flows (N = 990) on the main topic level as well as on the
news event-level that can be used by researchers for the evaluation and training of

state-of-the-art tools”’.

Background and related research

Detecting information flows

Before diving into the subject of generating gold standard data for information flows, we must
first outline what information flows are and why is it so complex to devise approaches to not only
detect these phenomena, but also to validate the outcome. The origin of the information flows
concept can be traced back to the domain of information theory (Shannon & Weaver, 1964).
Information flows are defined as the transfer of information from point A to point B within
a system. The simplicity of this definition has enabled scholars of several disciplines to study
information flows within their own field of research. For instance, Trilling and van Hoof (2020),
Welbers et al. (2018), and Wong and Trilling (2023) delved into the notion of “news flows”, and
Nicholls and Bright (2019) into the concept of “news story chains” by uncovering patterns of
content overlap and the transfer of information across various media outlets over time. Similarly,

Wilkerson et al. (2015) mapped the flow of policy ideas in legislatures by measuring text reuse.

If we break down the task of identifying information flows we arrive to two fundamental sub-
tasks (see Figure 15). The first sub-task is the identification of a representation of information in
documents. The literature to date highlights a diverse set of such representations such as bag-of-
words, named entities, proper nouns, topics, or embeddings (Nicholls & Bright, 2019; Trilling &
van Hoof, 2020; Wong & Trilling, 2023). Although researchers may opt for different approaches
to identify different representations of information depending on their scope, the validation of
this task is generally well-understood amongst scholars. A comprehensive codebook and some

annotator training should in principle yield a high-quality gold standard with some caveats related

Shrtps://github.com/psyronika/LLM_validate
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to annotator fatigue (Grimmer & Stewart, 2013) and biases (Hube et al., 2019; Sap et al., 2022)

which will be discussed in another section (i.e., Towards a potential solution).

Information flows

_ ~
>
N

Sub-task 2:
Flows (dynamic)
(semantic) similarity,
thresholds, time

Sub-task 1:
Representations (static)
Named entities,
Topics, BOW, embeddings

Figure 15: Breakdown of components of tracing information flows

The second, arguably more complex sub-task deals with the flow aspect of information flows
by linking the aforementioned representations across documents and or domains over time.
Hence, while sub-task 1 is more static, sub-task 2 is dynamic in nature. To accomplish sub-task
2, researchers must establish a connection across the identified representations while taking the
passage of time into account. To this end, researchers have devised more or less strict
measurements and assessment criteria using various thresholds and time windows. To illustrate,
while some scholars conceptualized the flows in terms of direct overlap of key features across
documents (see Chapter 2), others opted for a threshold-based approach via (semantic)
similarity calculated across document pairs over a time period of interest (Novo & Gedikli,
2023b; Trilling & van Hoof, 2020; Welbers et al., 2018, 2021; Wilkerson et al., 2015).
Regardless of these differences, scholars appear to agree that pairwise document comparison is

crucial to capture flows.

However, the conceptualization and execution of sub-task 2 of tracing information flows can
differ a lot across studies. To illustrate, while one study may use cosine similarity to capture
flows across news articles and they find that a threshold of 0.6 is the ideal level of similarity that
indicates that there is an information flow across two documents within a time-window of 3
days (Trilling & van Hoof, 2020), others may opt to count the number of overlapping entities
as the main indicator of flows (see Chapter 2). While both approaches may reveal some level of
information flows, it is impossible to say which approach is better or more suitable as they are
conceptually very different. Hence, the validation of sub-task 2 is much less clear-cut and well-
understood than the validation of sub-task 1. In fact, the big unresolved issue is the absense of a
comprehensive validation scheme for information flows that is able to take us one step closer to

a unified solution to generate a gold standard that can take both sub-task 1 and sub-task 2 into
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Chapter 4 . Validating methods tracing information flows

account with a particularly dire need for solutions for sub-task 2. Henceforth, this study deals

with the issue of validating the flow aspect of information flows.

Different levels of information flows

The literature to date established various levels in which two documents can share a connection
through the information they have in common. For the sake of clarity we will discuss these levels
of information flows within the context news, and socially and politically relevant information.
According to the literature, information flows can occur on a broad topic or issue level or on
a more finer-grained news event (Trilling & van Hoof, 2020) or news story level (Nicholls &
Bright, 2019).

First, according to Trilling and van Hoof (2020) “news events are specific events that lead to
news coverage, such as a specific debate on a specific day in a specific parliament, a specific
accident, or a specific football match. They can be covered by one or more articles in one or
more outlets, but relate to one specific and identifiable event and are thus much more
fine-grained than news topics, issues, or news categories” (p. 1321). News story chains are
similarly conceptualized to news events. The key difference between the two concepts is the
expectation of (chronologically) “repeated coverage”. More specifically, Nicholls and Bright
(2019) define news story chains “as events or single issues which receive repeated coverage in the
news media through a series of initial articles and followup pieces” (p. 44). As such, while the
news events definition leaves the possibility open for multiple news outlets simultaneously
reporting on the same event, the definition of news story chains is more constraining as it
expects a chronological repetition of reporting on the same event with clearly distinguishable
initial and follow-up articles. Since the detection of finer-grained information flows is already
difficult as is, we stick to the definition of news events that loosens the requirement of a
repeated coverage of initial and follow-up articles and also allows for the detection of single story

news events.

Finally, news topics are “ thematic news areas [...] which receive repeated coverage but which
naturally encompass multiple events, and whose time span is much longer” (p. 44, Nicholls &
Bright, 2019). Several news topics represent recurring items of news coverage. To illustrate, let
us consider these distinctions in the context of election coverage in news media. The topic
“elections”, is a broad and recurring subject in the news. It encompasses various elections
happening at different times, locations and levels of government (e.g., presidential or local). The
topic sets the stage for coverage and discussions surrounding elections. A news event within the
context of elections is more specific than a topic. It focuses on a particular election or related

developments with a series of articles that include updates from news outlets, all contributing to
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the coverage of that specific election or its surrounding events. As such, a news event about
elections might revolve around the presidential election of a specific year, detailing campaign
events, candidate profiles, polling data, and key issues. An event is a singular occurrence or
happening within the broader context of an election news event such as a presidential debate,

election day itself, the release of election results, or a major campaign rally.

The problem with validating methods for tracing information flows

Automated methods for tracing information flow have unique challenges in terms of validation.
To generate a gold standard dataset, researchers typically hire crowd-workers or undergraduate
students to annotate a substantial subset of a large dataset. This practice is not only expensive
and time-consuming, but also prone to error. When labelling extensive amounts of data, human
annotators will inevitably suffer from fatigue, and a limited attention span (Grimmer & Stewart,
2013). Moreover, differences in the ways in which annotators perceive the task at hand as well as
the inevitable influence of knowledge gaps, attitudes and opinions may further bias the quality of
the labelling process (Hube et al., 2019; Sap et al., 2022).

Grimmer and Stewart (2013) argued that as novel and sophisticated automated methodologies
become the prevailing way to perform text analysis, there is a crucial need for innovation with
respect to validation approaches. Validating automated text analysis methods entails the need
for a benchmark, in the form of a “ground truth” dataset which is considered the true, absolute,
and most trusted known information that typically stems from direct observation (Cardoso et al.,
2014). As ground truth is not always available, researchers must invest resources into building a so
called “gold standard” dataset which is a manually labeled, high-quality subset of their corpus that
is assumed to be correct (Welbers et al., 2018). It must be noted that the terms ground truth and
gold standard are often used interchangeably. For the sake of clarity, we use the aforementioned

definitions.

Although a wealth of automated methods exist to perform automated text analysis (Boumans
& Trilling, 2016), innovation with respect to the validation of these approaches is arguably
lagging behind. The gold standard dataset serves as a benchmark that can be used to assess the
performance of automated text analysis methods. Generating a gold standard is neither trivial
nor cheap. The conventional approach is to first obtain a random sample of the corpus to be

annotated as a validation set.

However, if one tries to validate approaches that detect information flows across a large
corpus of documents, following the traditional approach would be unfeasible as information
flows between random pairs of documents within a large corpus are often extremely rare.

Estimating recall requires a complete and accurate gold standard dataset that contains all the
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Chapter 4 . Validating methods tracing information flows

relevant instances of information flows. Since information flows are exceptionally rare in a large
corpus, any sample makes it impossible to create a comprehensive gold standard dataset, as one
may never identify all the possible rare instances of information flows. This is precisely the
reason why studies to date have focused validation efforts on document pairs that were more
likely to contain information flows within a given “meaningful” time period (see e.g. Nicholls &
Bright, 2019; Trilling & van Hoof, 2020; Wilkerson et al., 2015). This represents the first

major challenge of validating approaches that detect information flows.

The second major challenge is related to the annotation task itself. While we agree with
Nicholls and Bright (2019) that the basic task of manually identifying whether there is some
type of relationship between two documents may seem simple at a glance, the practical
challenges that arise from the sheer amount of document pairs annotators would need to go
through while considering multiple indicators of connectivity paint a different picture. More
specifically, the ideal validation scheme for information flows should be able to incorporate
previously studied indicators of connectivity such as publication date, named entities (Novo &
Gedikli, 2023a), topics (see Chapter 2), events, as well as (semantic) similarity measures (see
e.g., Trilling & van Hoof, 2020; Welbers et al., 2018). These indicators are necessary to capture
such as latent construct as information flows that is made up of representations (sub-task 1) as

well as flows (sub-task 2).

Even if one had access to a small army of highly skilled annotators and a large budget to pay
them, the expectation of consistently producing high-quality validation sets while considering
all of the aforementioned indicators (and more) meanwhile performing hundreds of document
comparisons borders on impracticality. Besides suffering from fatigue and limited attention
span, the quality of the gold standard would inevitably be affected by cognitive biases, opinions,
knowledge gaps, and the inherent subjectivity that comes with interpretation (Hube et al.,
2019). For instance, if annotators’ task is to decide whether two news articles refer to the same
news event, their annotations may differ simply based on the extent of their knowledge of the

particular event or actors being covered.

To illustrate, consider two annotators (A and B) who are tasked with assessing whether two
news articles pertain to the same news event based on a document pair of news articles published
by different news outlets. News article 1 details a televised debate of a high-profile election with
various quotes from candidates, analysis and experts. Article 2 just mentions the debate fleetingly
while discussing the elections and politics in general without mentioning particular candidates, or
in-depth analysis by experts. Sub-task 1 in this example will be identifying all relevant document

representations such as entities, while sub-task 2 will be assessing whether a flow exists across the
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two documents through the identified representations on the news events level. While annotator
A who has in-depth political knowledge may instantly connect the two articles even if the match
between the identified representations appears to be minimal, annotator B who does not have a
great deal of political knowledge and does not follow the news so closely may be hesitant to classify
the two documents to be linked on the news events level as they may not recognize the connections
due to a lack of knowledge on the subject matter. Therefore, sub-task’s 2’s outcome depends a
great deal on the identified representations (i.e., sub-task 1) but it is also very much influenced
by subject-matter knowledge of annotators as well as their ability to retain representations from
document 1 in memory while simultaneously comparing these to the representations of document

2.

Hence, the nature of sub-task 2 in particular, that involves complex and multi-step decision-
making, demands a very high cognitive load. Consequently, relying solely on human annotations
to produce a gold standard for the detection of information flows, may prove highly expensive,
time consuming and likely not very successful. We argue that validating methodologies that
capture more complex concepts and intricate relationships such as information flows may not be
inherently suited to human capabilities as these concepts often involve subtle relationships and

multifaceted dynamics that can challenge even experts.

Towards a potential solution

In the past decade scholars have increasingly adopted computer-assisted methods to perform
various NLP tasks that traditionally have been done by human annotators (Boumans & Trilling,
2016). Using holistic or indicator-based approaches to teaching computers how to identify latent
concepts have become the standard practice in the field of computational social science (Burscher
et al., 2015). As NLP techniques become more sophisticated the validation of these approaches
is considered even more important (Birkenmaier et al., 2023). Yet, little work addressed the need
for clear, and unified guidelines to validating computational text-based approaches in general
(Birkenmaier et al., 2023). Moreover, to the best of our knowledge, no study to date addresses

the issue of validating flow-based annotation tasks.

Circling back to Grimmer and Stewart (2013), there is a clear need for advances in validation
approaches for flow-based annotation tasks. Our work takes a step towards filling this gap by
addressing the second challenge, namely the optimization of the manual annotation task

pertaining to the dynamic aspect of identifying information flows. We do so by exploring:

To what extent can Large Language Models (LLMs)be used to advance the validation of

methods for tracing information flows?
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More specifically we propose and test a proof of concept for a novel LLM-assisted human
validation scheme that harnesses the vast knowledge basis of LLMs to optimize the generation of
gold standard data for the detection of information flows. Below we outline the potential
benefits and caveats of using such an LLM-assisted human validation scheme for information
flows based on what we know so far about using LLMs for research purposes that would replace
human annotations. The recent rise of LLMs such as OpenAl’s ChatGPT or GPT-4 have taken
the world by storm due to their impressive capabilities of performing human tasks such as
writing text, code, summarizing, reasoning, translating, etc. Although this technology has only
become mainstream recently, it has already had major implications on how information is
created and how research is conducted (van Dis et al., 2023). Several scholars have compared
these novel LLMS’ zero-shot and few-shot classification abilities to more traditional approaches
(van Hoof et al., 2023), as well as crowd workers and expert human coders (see e.g. Gilardi
etal., 2023; Tornberg, 2023a; Wu et al., 2023).

Early findings suggested that LLMs perform well on various NLP tasks. Some indicated that
LLM:s can outperform crowd workers as well as trained human coders on a variety of annotation
tasks including the detection of stance, topics, frames (Gilardi et al., 2023), ideology (Wu et al.,
2023) and political affiliation from natural language (Térnberg, 2023a). Overall, these studies
show that LLMs can perform well on conventional text classification tasks (Gilardi et al., 2023;
Térnberg, 2023a; Wu et al., 2023) and that the cost of using these models represents only a
fraction of standard practices such as hiring crowd workers from MTurk, or training and

employing expert coders to perform annotations (Gilardi et al., 2023).

While these studies address important tasks and show promising results, they rarely detail the
potential downsides of using LLMs for conventional NLP tasks. This is a concern as there are
caveats and shortcomings that are associated with using LLMs for research purposes. If we wish
to consider the usage of LLMs in the optimization of how we create validate sets for information
flows, we must acknowledge and discuss the biases and issues that may arise from using these

models for this particular task and then argue how we can try to mitigate these shortcomings.

The first and perhaps most important caveat of LLMs are the biases that are encoded in the
models due to the data they were trained on. Most of the LLMs available today were trained on
vast amounts of texts from the internet, and as such they encapsulate the biases and prejudices
that were represented by these texts. For instance, multilingual BERT has been found to
embody gender bias (Bartl et al., 2020) and ChatGPT has been shown to embody biases against
conservatives (McGee, 2023). Therefore, when using LLMs for text generation we must treat

the responses generated by LLMs with caution. Instead of taking the responses of LLMs at face
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value when it comes to performing NLP tasks, we must use some form of human verification to

mitigate the biases that may be embedded in the responses of LLMs.

Second, scholars have raised concerns about issues related to reproducibility, transparency and
data security when using commercial models such as GPT-4 (Spirling, 2023). To illustrate, all data
sent to OpenAl’s API is automatically given access to the company that runs the models, which in
this case is OpenAl (T6rnberg, 2023b). To date, OpenAl has no clear policies in place with respect
to this particular aspect of data security and transparency. We neither know whether this data will
later be used to train their models, nor whether the data is securely stored on OpenAT’s servers.
As such, sending potentially sensitive data to commercial API’s may jeopardize research integrity
and may cause unexpected harm. While scholars caution against using these commercial API’s
for sensitive or confidential data (T6rnberg, 2023b), we argue that sending any kind of research
data to commercial API’s is problematic. There are safer and more transparent alternatives for
researchers than OpenAl’s LLMs.

Open-source LLMs are viewed as the way for forward for scientific research (Spirling, 2023).
To date only a single truly open-source LLM exists. BLOOMZ, was a result of a large
international effort of researchers and practitioners under the BigScience Research Workshop to
build the World’s first open multilingual Large Language Model *°. While BLOOMZ represents
a truly exceptional model, its overall performance on popular benchmarks is significantly
behind a number of self-hosted LLMs > not to mention that the computational resources
needed to run this model are also rather demanding. Despite this, countless models that are
labelled as open-source, fall short on openness in numerous ways, including a lack of access to
code, LLM weights, or details about the training data (Liesenfeld et al., 2023). We refer to these
somewhat open but partially black boxed models as more open and self-hosted LLMs.

As opposed to closed-source, and commercial LLMs such as the GPT models that can be
accessed via OpenAl’s API, self-hosted LLMs are built in such a way that does not provide data
access to any third party entities. Therefore, in absense of well performing truly open-source

LLMs, choosing self-hosted models appears to be the second best ethical solution.

The third caveat is the influence of researcher choices when formulating prompts that instruct
the LLMs to perform the desired tasks. Albeit, this is not very different from composing a
comprehensive codebook in order to avoid the issue of misunderstanding the annotation task.
As designing comprehensive prompts is the most vital conceptual part of text analysis methods

assisted by LLMs (Té6rnberg, 2023b), it is crucial to make this an iterative process. A simple

56https:/ /bigscience.huggingface.co/
57https:/ /huggingface.co/spaces/HuggingFaceH4/open_llm_leaderboard$
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change of wording may alter the annotations provided by LLM:s to a great extent. Therefore, we
must set aside a small sample to perform various prompt tests on until we achieve a desired

outcome. We will delve into the exact steps of this process in the following section.

Despite these limitations we argue that the vastness of LLMs “knowledge basis”, offer a
fruitful avenue to researchers with respect to conducting interpretive text analysis on
phenomena that are not directly observable or such that can only be inferred by considering
hundreds of contextual parameters across thousands or even millions of words and documents.
The detection of information flows across thousands of documents and platforms, arguably
represents such a complex, multi-step and not directly observable tasks. As such, for the first
time, we may be able to take a larger step towards optimizing the validation of information
flows by leveraging the capabilities of LLMs. Although the current state of our knowledge
concerning the validity and reliability of LLMs in performing various NLP tasks is limited to a
handful of early findings, and LLMs suffer from a series biases and shortcomings, we argue that
it is reasonable to assume that using LLMs may help us optimize the validation procedure of
automated methods tracing information flows. More specifically, using the vast parametric
knowledge (i.e., encoded in the model) of LLMs combined with detailed source knowledge (i.e.,
encoded in instructions/prompts) enables us to leverage LLMs to optimize the validation
process for more complex tasks such as the detection of information flows across thousands of

documents.

LLM-assisted human validation

The aim of our approach is by no means to replace humans in the generation of gold
standard data. Instead, we test whether LLM-assisted human validation can optimize the
validation procedure of flow-based methods. Specifically, to optimize the generation of gold
standard data for information flows, we test to what extent can assistance provided by LLMs
optimize the validation process of information flows. Specifically, after instructing our LLMs to
assess whether an information flow exists across text pairs using a comprehensive sequential
prompting and a series of input variables such as publication date, keywords, and proper nouns,
(indicator variables), we receive evaluations from the LLMs, which explain whether two texts
match on a topic-level or on the news events level. We provide annotators with these evaluations
to test to what extent this type of assisted validation procedure can work in practice. Besides the
evaluations we also provide annotators with highlighted terms inside the texts that the LLMs
used to evaluate whether two texts shared a connection through the information they had in
common. To assess whether these evaluations contribute to optimizing the validation process.

The metrics we use to evaluate the effectiveness of the LLM-assisted human validation scheme
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are average time of completion of a task and annotation quality.

We chain these instructions carefully in order to keep the process as simple and intuitive as
possible, just like we would do for human annotators. The output generated by the LLMs will not
only be a set a labels highlighting whether two texts are related or not related from the perspective
of information flows, but rather the language models will assess whether two texts match on a
specific level of information flows and provide a short reasoning behind their decision. We will
employ human annotators to verify the decision of the LLMs by exposing them to both the labels
as well as the explanations generated by LLMs. The premise is that humans will have a much
easier time to annotate when exposed to such a reasoning. Taken together we study, to what
extent can LLMs support human validation of the different levels of information flows. Agsinst

this backdrop we ask:

RQ1: How does an LLM-assisted human validation scheme influence the annotation speed
compared to no assistance?
RQ2: How does an LLM-assisted human validation scheme influence the annotator confidence
compared to no assistance?
RQ3: How does an LLM-assisted human validation scheme influence the annotation quality

compared to no assistance?

How to set up LLM-assisted human validation

Pangakis et al. (2023) took a first step at providing a useful five-step workflow to validate LLM
performance and to refine the prompting for LLMs. They argue that LLMs may be useful in
validation tasks, especially used in a human-in-the-loop manner, but they caution researchers to
make this an iterative process where deploying LLMs without proper assessment is not advised.
The workflow of Pangakis et al. (2023) uses human annotations as a baseline to inform the LLMs.
We modify this process and first let LLMs perform the annotation tasks which included the
generation of topic-level and news-event-level evaluations. Then we ask human annotators to
perform the same task by providing some of them with the evaluations generated by LLMs in
order to test the assistance capacity of LLMs. We compare the performance of human annotations
in terms of speed, quality, and confidence within annotators. Our expectation is that: LLMs can
serve as annotation assistants that can extract and keep key information for human annotators who
can then make better-informed decisions. The Figure 16 illustrates the phases of the suggested

LLM-assisted human validation scheme.
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Data and Methods

Data, sampling, and preprocessing

We test our proposed LLM-assisted human validation scheme on a dataset of Dutch news
articles (N = 6198) collected by Aaldering et al. (2021) and published across 10 different
online and print news outlets during the Dutch general elections of 2021. The original dataset
covers a time frame of approximately three months (2021-01-02 to 2021-03-18) leading up to
and including the Dutch general elections (15th and 17th of March, 2021) >%. The dataset
includes the five largest print newspapers of The Netherlands (De Telegraaf, NRC Handelsblad,
Trouw, Algemeen Dagblad, de Volkskrant), and the largest economic newspaper, Het
Finaniceele Dagblad. Besides print newspapers, the dataset also includes the two largest online
new websites in The Netherlands (NOS.nl, and nu.nl) including two news sites affiliated with
NOS (nieuwsuur and NOS liveblog). Overall, the data consists of a news articles that mention
at least one of the 37 participating political parties or their leaders. The dataset was Dutch and
besides the full text body, title, and publication date it included information about the

publishers, publication date, author, byline, and sections of news articles.

Preprocessing

To clean the dataset, we first removed missing values on articles, then following manual
inspection we removed those articles that merely referred to recurring, non-news-related aspects
such as TV guides, film tips, or a list of “most read” articles >>. Then we performed minimal
preprocessing steps that included the removal of special characters, line breaks and double
spacing. Since most LLMs to date have a limited “context window” (OpenAl, 2023; Touvron
et al., 2023), we had to limit the length of the text we could feed into the LLMs. Following the
inverted pyramid structure of news articles® (Knobloch et al., 2004) we opted for the
convention of using the title and lead of each news article for further analyses (see e.g., Welbers
et al., 2018). More specifically we took the first 200 tokens of each news article °' and merged
them together with their title for further analyses. Henceforth we refer to these title-lead
combinations as article chunks. The next step was to generate additional input variables for our

LLMs using the article chunks. After extracting proper nouns from the texts using Spacy’s

8Due to the COVID-19 pandemic, the government decided to open some polling stations two days prior to the
election date 17.03.2021 to ensure safe voting conditions for elderly and those with vulnerable immune systems

5”NPO 2°, "NPO 1’ BBC I’ "BBC 2’ TLC’, "Tips’, ’kop tag with dummy text’, Film- en televisietips’, ’tv-ladder’,
"TV-ladder’, "Best gelezen op fd.nI’,’'MEER LEZEN’

%0The main content of a news article can be found in the first paragraph

61In some cases the chunks were shorter in length since we removed additional tokens that occurred after the end of
the last sentence
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nl_core_news_sm model, we used KeyBERT (Grootendorst, 2023) with the Dutch embedding
model, “BERTje” (on huggingface GroNLP/bert-base-dutch-cased) (de Vries et al., 2019), to

extract keywords from each text chunk.
Sampling

Following best practices by Nicholls and Bright (2019) and Trilling and van Hoof (2020) we
obtained a corpus of candidate pairs for information flows using a randomly chosen three-day
window. Similar to Nicholls and Bright (2019), we took all article chunks that were published
within a randomly chosen period of three days, assuming that newspapers would not cover the
same news event for more than 3 days. This procedure resulted in obtaining a corpus of 142 news
article chunks published by 10 news outlets between the three-day window of 2021-02-27 and
2021-03-01.

Since we did not possess a corpus of pre-annotated text-pairs for information flows, we
constructed a corpus of good candidate pairs for information flows across the 142 article chunks.
Previous research showed that pairwise text similarity is a good indicator of the presence of some
type of information flows across news articles (Nicholls & Bright, 2019; Novo & Gedikli,
2023a; Trilling & van Hoof, 2020). Therefore, we used BERTje to generate embeddings from
the article chunks, then following best practices we calculated cosine similarity across all possible
chunks pairs in our corpus of 142 article chunks (Trilling & van Hoof, 2020). From the
resulting 10,011 text pairs, 15 appeared to have perfect similarity. After manual checks, it
appeared that this was the result of a data collection issue where the same text was collected
twice with different ID numbers. Deleting these duplicates resulted in a final sample size of
9,996 article chunks pairs. No article chunk pairs exhibited a cosine similarity lower than 0.5 in
our analysis. We attribute this high similarity among text chunks to two primary factors. Firstly,
the texts under scrutiny were all published in close proximity to a significant election debate,
resulting in a substantial number of articles addressing the event using similar language and
vocabulary. Secondly, our calculation of cosine similarity was performed on short text chunks,
specifically lead paragraphs, which inherently reduced the linguistic diversity compared to
analyzing the entire body of an article. We believe that this low linguistic diversity combined
with the proximity to the election debate, explains the high similarity across the text chunks in
our sample. All in all, we found some partial evidence for the assumption about news articles
published within a three-day time-frame being good candidates for information flows may
indeed be valid (Nicholls & Bright, 2019; Trilling & van Hoof, 2020).

Then, using random sampling we set aside 10% of our candidate pair corpus for the purpose

of performing the LLM-assisted human validation (N = 990). This sample will be annotated
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by both LLMs as well as three human annotators. Finally, we took 1% of the corpus for prompt
optimization purposes. Prompt optimization, also referred to as prompt engineering, represents
a crucial step in working with LLMs (Tdrnberg, 2023b). Since we are giving instructions to
LLMs in natural language it is very important to use a small subset of the data to fine-tune these
instructions for better performance. The prompt optimization sample was also annotated by an
expert annotator (i.c., lead author) so that we could efficiently test the performance of prompts

in completing the task at hand.

Methods
LLMs under study

Since truly open-source LLMs are virtually non-existent to date, we decided to opt for the
second best alternative, self-hosted LLMs. Therefore, we employ two self-hosted and light-weight
LLMs, namely LlaMA-13b-chat and and LlaMA-7B-chat. The choice about these particular
LLMs was motivated by two reasons. The first one was their competitive performance with
closed, commercial models such as ChatGPT and GPT4. The second reasons was their relatively

small size, which makes them practical to use even with more modest computational resources.

LlaMA 2 represent a family of more open, self-hosted, and relatively light-weight LLMs
pretrained and fine-tuned by Meta in mid 2023. The models” scale ranges between 7 billion to
70 billion parameters including two LLMs fine-tuned for chat functionality (Touvron et al.,
2023). For the purpose of this study and since our system capacity, especially our GPU memory
(i.e., VRAM), was limited (see Appendix Q) we opted to use Meta’s second largest and potent
model from the LlaMA 2 model collection, LlaMA 13B-chat (trained on 13 billion parameters),
and the most lightweight model LlaMA-7B-chat (trained on 7 billion parameters). Both of
these models were fine-tuned for instructions and can be accessed after a request is granted by

Meta, which at the time of running these tests took less than 1 hour.

The greatest advantage of these models is that they can be implemented on relatively small
systems such as two A10 GPUs with limited VRAM. We implemented these models via the
HuggingFace pipeline with 4-bit quantization to condense the models’ 64-bit representation so
that we could run them on our modest dual A10 GPU machine that had limited VRAM ©2
(Dettmers et al., 2023).

The context length of LlaMA-13B-chat model is 4096 tokens which is quite limited compared
to the 8,192 token context length of GPT-3.5 and the whopping 32,768 token length of GPT-

493, As such, it becomes challenging to add a lot of instructions and or expect a lot of output

©2Ideally we would need A100 GPU access with high VRAM to run LlaMA 2 models without any quantization.
3 heeps://platform.openai.com/docs/models/overview
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from a LlaMA 2 model as the context length is the summary of both the input tokens as well
as the output tokens. Nevertheless with some clever prompt engineering, it possible to achieve

promising results.
Prompt engineering with LangChain

Prompts represent the instructions formulated in natural language that users give to LLMs to
perform a certain task. Prompt formulation is perhaps one of the most critical aspects of using
LLMs for any kind of annotation task. However poor prompt formulation can result in
unexpected as well as sub-par results. To mitigate the biases that may arise due to poor prompt
formulations and hallucinations, we make use of LangChain (Chase, 2022), an open-source
framework designed to simplify as well as optimize the usage of LLMs. We use LangChain to
devise a comprehensive sequential prompt template for each LLM that can take instructions
sequentially using so called chains. The idea behind this approach is essentially to ‘chain” our
instructions to the LLM so that it can break down a complex task into multiple smaller
sub-tasks, and to source knowledge from additional indicators tailored to the task at hand to
make more precise choices. Following this approach we expect to reduce the bias that may arise

from poor prompt formulation, or asking too much at once.

As mentioned before, designing a good prompt represents an iterative process. One must test
various formulations to make sure the LLMs understand the task well. To quickly assess the
performance of our prompts, we manually annotated the previously obtained prompt
optimization sample (N = 99) and used this as a benchmark to test to what extent LLMs
followed our instructions by comparing the annotations of LLMs to annotations of an expert

human annotator. Accordingly, we used parts of this small sample to tune our prompts.

Zero shot or few shot learning While zero-shot learning implies that the LLM performs a task that it
has not been explicitly trained for without any illustrations of how the task should be performed,
few-shot learning means that the model is given a very limited amount of examples to learn from
(i.e., a few shots) to perform a particular task. After several initial trial rounds, we opted to use

few-shot learning for the purpose of this study.

Temperature. In addition to well-formatted natural-language prompts, researchers must also
consider the models’ temperature. This model parameter essentially determines how random and
creative the output of the LLMs will be at each request. Model temperature can vary between 0
and 1, where values closer to 1 result in more diverse and unpredictable behaviour while values
closer to 0 mean a more focused and deterministic output (Gilardi et al., 2023). The literature
thus far has advocated for the usage of a temperature of 0.2 as the ideal level of randomness for

various annotations tasks performed by ChatGPT (see e.g., Gilardi et al., 2023; van Hoof et al.,
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2023). However, the jury is still out with respect to how exactly model settings affect results of
more open LLMs (Alizadeh et al., 2023). There are some initial indications that the rule of
thumb regarding less randomness leading to higher quality annotations also apply to some of of
these more open LLMs (Alizadeh et al., 2023). However, since evidence is scarce regarding the
ideal temperature level, we test our models at four different temperature settings: 0.0., 0.2., 0.6,
and 1.0.

Information flows

I

Topic-level flows

I

News event-level flows

Figure 17: Studied levels of information flows

Two levels of flows

We study information flows on two levels as illustrated by Figure 17. We break up the task of
identifying whether text pairs contain information flows on a topic-level or news event-level into
multiple sub-tasks by chaining instructions to our LLMs incrementally. These sub-tasks can be
conceptualized similarly to the indicator-based approach to measure latent constructs (Burscher
et al., 2015). Information flows are arguably a latent construct therefore teaching these LLMs
how to discern them across document pairs represents a challenging task. To help the models
understand the task, we used a custom system prompt, example prompt, and a main prompt.
A system prompt defines the overarching purpose of the model. An example prompt serves as
an illustration, guiding the model to follow a specific format and emphasizing important details
about the expected input and output. Meanwhile, the main prompt provides clear instructions
to the model. Table 6 illustrates the prompt structure of Chain 2 from our study. The prompt

also include token markers (e.g., SYS) that are used by LlaMA models specifically.

Topic-level flows. We begin with topic level information flows. To assess whether there is a topic
flow between a document pair we need to provide several sequential instructions (i.e., chains) to
our model that discern and utilize relevant indicators to make a final assessment regarding topic-

level flows across document pairs. We refer to these sequential instructions as chains. A detailed
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Table 6: Example of prompts used in this scudy

Prompt type

System prompt:

<s>[INSTT «SYS» You are a helpful, respectful, and honest assistant for comparing

the main topics of two texts. In this comparison, a match is solely based on the main topic
and nothing else. «/SYS»

Example prompt

The main topic of each text is described by the following labels:

Main topic 1: Politics;

Main topic 2: Politics;

Based on the information about the main topics above, please write a short evaluation
about whether the two texts match on a main topic level. Make sure to only return the
evaluation and nothing more in the following format:

[/INST] Topic Evaluation:

Yes, the two texts match on a main topic level because both texts touch upon the broader
context of Politics as seen by their main Topic.

Main prompt

[INST] The main topic of each text is the following: {main_topic}

Based on the information about the topics above, please write a short evaluation

about whether the two texts match on a main topic level. Make sure to only return

the evaluation and nothing more in the following format:

Topic Evaluation: [/INST]

Note: The tags [INST], [/INST] are used to indicate the beginning and end of example
and main prompts for LlaMA models. The tags <s>[INST] «SYS», and «/SYS»

mark the beginning and end of a system prompt.

overview of these sequential prompts and corresponding input variables used at each step can be

4 to instruct

found in Appendix R. In a nutshell, we use one sequential chain with 4 main chains®
those model to determine to what extent a there is an information flow on the topic-level across
two documents. At chain 1 the model identifies the main topics and most important subtopics
in our documents. To do this, we write a prompt that instructs the model to extract the main
topics and subtopics of the documents based on a few existing input variables (document pair,
proper nouns, and keywords) with the additional instruction to base these main topics on the
categories established by Vermeer (2018) ®>. We modified this framework slightly. Rather than
forcing the models to only classify the texts into strict categories, we fed some examples of main
topics and subtopics into the LLMs as prompts to merely determine the level of abstraction the
models had to focus on when generating the main topics and subtopics. At chain 2, the model

evaluates whether the texts match on the main topic level following instructions provided in the

64we also use some additional sub-chains

%e.g., Politics, Business, Entertainment and Other. These categories merely served to indicate the level of abstraction
required from topic extraction.
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corresponding prompt and the output provided at Chain 1. At Chain 3, the model extracts words
used to make topic-level evaluation decision. This is necessary as these words are later used for
LLM-assistance in the annotation/validation procedure. At chain 4 we instruct the model to
create a classification label based on the evaluation it generated about the topic-level flows. At
this step the model will use the evaluation at chain 2 to classify whether there is (1) or there is not

(0) a topic-level flow between a document pair.

News event-level flows.In the same vein, we continued the sequential chain in order to instruct
the model to determine whether a news-event-level flow exists across a document pair. At chain
5 the model identifies news events based on the definition of Trilling and van Hoof (2020) who
discerned that “news events are specific events that lead to news coverage, such as a specific debate
on a specific day in a specific parliament, a specific accident, or a specific football match. They can
be covered by one or more articles in one or more outlets, but relate to one specific and identifiable
event and are thus much more fine-grained than news topics, issues, or news categories” (p. 1321),
and by using a series of input variables generated by previous chains. At chain 6 the model is
instructed to evaluate to what extent the texts match on the news event-level, whereas as chain
7 it generates a classification label similar to the instructions given at chain 4 for the topic-level

matching task.

Results

This section outlines the results of the proposed approach. We begin by providing an overview
of the performance of the prompts of the two selected few-shot LLMs at different temperature
settings. We measured the performance of prompts against a manually annotated prompt
validation set which was done by an expert annotator (i.e., lead author). More specifically
following the same instruction we gave to the LLMs, the lead author annotated 99 text pairs for
information flows on the topic level and the news events level. Table 7 illustrates performance
metrics of our chosen models at different temperatures, a parameter that determines how
creative or deterministic the model will be when generating responses. As illustrated by Table 7
our few-shot models performed the same way at each of the four different temperature settings
(0.0, 0.2., 0.6, and 1.0). We ran the models twice at each temperature level with no difference
in performance. Therefore, it is possible that providing the models with clear example prompts
counteracts the creativity/randomness that would otherwise be unlocked by setting the
temperature close to 1. Hence, it appears that if LLMs are supplied with a system prompt,

example prompt, and main prompt their output will be virtually identical for the task of
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capturing topic-level and news events-level matches across document pairs. Since all models

performed the same regardless of the temperature parameter we will interpret the scores between
LlaMA 7B-chat and LlaMA 13B-chat in general on the task at hand.

Since our data is imbalanced with more cases of topic matches and less cases for non topic
matches, and less cases for event matches and more cases for no matches on the events level, we
consider F1 as the most informative metric to determine the highest performing models. While
LlaMA 7B-chat appears to perform better than LlaMA 13B-chat on detecting topic level
information flows, LlaMA 13B-chat outperforms LlaMA 7B-chat on all news event-level
matches. Although, the overall performance of capturing news event-level matches is arguably
low for both models regardless of temperature settings. It must be noted that theses scores
represent the best performance we could achieve with prompt optimization using the
conceptualizations from the literature. Naturally, we cannot rule out the possibility that better
prompts may exist, which would result in better performance than what our prompt
optimization process revealed. Nevertheless, we are confident that using prompts that follow the

current definition of news events from literature would yield similar results to our attempts.

Thus, we argue that the current definition of what news events are is neither specific enough
for LLMs nor for human annotators. Rather, the existing definition of news events is more
suitable for less deterministic approaches such that rely on clustering and network analytic
methods (see e.g., Trilling & van Hoof, 2020). Regardless of the poor performance of our
prompts and models on the news events level, we argue that reporting these findings and
annotating for them remains an important contribution that we can learn from. Specifically,
analysing the errors and inconsistencies that are generated by the models can reveal ways in

which we can clarify the definition of news events for future research.

Error Analysis of Prompt validation sample

To understand the disagreements between the expert annotator and the LLMs we performed
a manual error analysis on the prompt validation sample for both topic-level as well as news-
events-level matches. Specifically, we extracted a list of cases where LlaMA 13B-chat and LlaMA
7B-chat disagreed with the expert annotator, and we checked why these disagreement occurred.
We report the frequencies of the most common pitfalls for each model per match level annotated

in Table 8.

The most common type of disagreement between the studied LLMs and the expert annotator
were the result of incorrect topic labels assigned by the LLMs, which lead to incorrect
evaluations, and ultimately incorrect classification labels. For instance, consider text 1 that

discusses the election campaign and text 2 that details the Dutch governments plans with
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Table 7: Prompt Performance Metrics Comparison at different model temperatures

Match level Model Precision Recall F1 Score  Accuracy

Topic Match
Llama 7B-chat 0.0 0.798 0.905 0.848 0.758
Llama 7B-chat 0.2 0.798 0.905 0.848 0.758
Llama 7B-chat 0.6 0.798 0.905 0.848 0.758
Llama 7B-chat 1.0 0.798 0.905 0.848 0.758
Llama 13B-chat 0.0 0.830 0.527 0.645 0.566
Llama 13B-chat 0.2 0.830 0.527 0.645 0.566
Llama 13B-chat 0.6 0.830 0.527 0.645 0.566
Llama 13B-chat 1.0 0.830 0.527 0.645 0.566

News Event Match
Llama 7B-chat 0.0 0.200 0.500 0.286 0.596
Llama 7B-chat 0.2 0.200 0.500 0.286 0.596
Llama 7B-chat 0.6 0.200 0.500 0.286 0.596
Llama 7B-chat 1.0 0.200 0.500 0.286 0.596
Llama 13B-chat 0.0 0.345 0.625 0.444 0.747
Llama 13B-chat 0.2 0.345 0.625 0.444 0.747
Llama 13B-chat 0.6 0.345 0.625 0.444 0.747
Llama 13B-chat 1.0 0.345 0.625 0.444 0.747

Note: Models were tested twice.

respect to economic growth by quoting prime minister Mark Rutte. The LLMs labels the main

topic of text 1 as Politics and the main topic of text 2 as Economy. The expert on the other

hand, marked both texts’ main topic as Politics since the codebook explicitly stated that if words

related to politics or politicians are mentioned then the main topic is always considered Politics.

So even though text 2 discussed the economy and the topic discerned by the LLMs was not

completely incorrect, since it violated the codebook it was considered a mismatch. This type of

disagreement also relates to the inconsistencies with respect to the definition of what a topic is

and how exactly one should operationalize the definition of a topic.

Table 8: Error Analysis

Mismatch type Llama 7B-chat Llama 13B-chat
Main topic mismatch

Incorrect main topic, incorrect evaluation, incorrect label 19 39
Correct main topic, incorrect evaluation, incorrect label 4 -

Total 23 39

News event mismatch

Incorrect news event, incorrect evaluation, incorrect label 25 24
Correct news event, incorrect evaluation, incorrect label 12 -
Correct news event, correct evaluation, incorrect label 1 -

Total 38 24
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LlaMA 7B-chat appeared to suffer from another matching issue, namely, discerning the correct
main topics of a text pair but getting confused by the instructions with respect to the evaluation.
The model correctly recognized that both texts’ main topic was Politics, but it made an incorrect
evaluation despite the correct input variable, which resulted in an incorrect classification label of

no topic match.

Turning to the news events-level mismatches, the most common pitfall was the incorrect
identification of the news events of the texts which resulted in incorrect evaluations and
incorrect labels. The most frequent reason behind this type of error was that the LLMs
considered news events to be broader than the definition used in the codebook allowed it to be.
For instance, in some cases the LLMs considered the Dutch election of 2021 a news event.
However, according to the definition by Trilling and van Hoof (2020) this match would be
considered too broad, as “news events in principle take place within a window of three days ” (p.
1325). Nevertheless, if we follow the logic of Trilling and van Hoof (2020) but disregard this
three-day threshold the response of the LLMs is arguably not entirely ludicrous.

Another type of error that occurred at times was that the LLMs were unable to recognize that
two texts matched on the news events level as the texts were not very explicit. For instance, in one
case, both texts clearly discussed the election debate, their publication dates were extremely close (a
matter of a few minutes). While the subtle signs of news-events-level connection were apparent
to the expert annotator, the LLMs failed to recognize these. Finally, another common type of
error was correctly identifying the news events but coming to erroneous conclusions despite the
correctly identified news events. This was only the case for the less sophisticated LlaMA 7B-
chat indicating that this LLMs is not as reliable in following a chain-of-thought instructions as
LlaMA 13B-chat. This makes intuitive sense as the model has a much more limited parametric

knowledge, which limits its capacity to follow instructions.

Testing the LLM-assisted human validation scheme

The testing of the proposed LLM-assisted human validation scheme had several phases. Figure
22 illustrates the phases of our proposed LLM-assisted human validation scheme. First, three
human annotators (A, B, C) and the expert annotator (E) coded an overlap sample of document
pairs for topic-match and news event-level match. Following two rounds of overlap annotation,
good inter-coder reliability was achieved for both the topic-level matches (Krippendorff’s o =
0.78) and for news event-level-match (Krippendorff’s @ = 0.75) across the annotators and the

expert annotator (for details about the initial round of overlap annotation see Appendix S).

Second, after reaching an acceptable inter-coder reliability across the three human coders and

the expert annotator, we tested our LLM-assisted human validation scheme. Since the LLMs
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appeared to perform identical at all temperature levels, we opted to use both studied models
at temperature 0 for the sake of clarity. We asked both LlaMA 7B-chat and LlaMA 13B-chat
to perform the annotation on half of the previously obtained validation set (n = 495). The
other half (n = 495) we left unassisted in order to obtain within-person measures of annotation

speed, confidence, and quality across assisted and unassisted conditions. As such, we were able to

compare assisted versus unassisted conditions.

RN I

Text1:
Publication date: 2021-02-27 20:30:26

Geweld bij antilockdowndemo in Dublin; Bj een demonstratie
tegen de coronamaatregelen in Dublin zjn zeker 23 mensen
opgepakt . Relschoppers raakten siaags met de lerse poitie.
Drie agenten raakten gewond. De poiiie zegt er van tevoren al
op gerekend te hebben dat het protest gewelddadig zou wor-
den. De ongeregeldheden waren aangekondigd op sociale me-
dia. We waren ons bewust van het protest en wat de intentie
was. We hebben ons erop voorbereid en waren uiteraard van
plan het in toom te houden, aldus de poitiecommissari.
Volgens de poliie gooiden relschoppers onder meer met vuur-
werk. Verschillende parken waren van tevoren afgesloten door
do poiiie. Demonstranten hadden aangekondigd naar het St
Stephon's Green-park te willen marchoren. Ondanks do ver-
hoogde poitie-inzet kwamen er toch nog honderden mensen
naar het centrum van Dublin, zonder mondkapjo. Met wapen-
stokken werden ze weggehouden van het park. Veel politci
reageren met afschuw op e rellen. Vicspremier Leo Varadkar
schreef op Twitter Dit gedrag van een paar ego sten ondermiint
do offers die mijoenen mensen de afgelopen twaalf maanden
hebben gebracht.

‘Topic Evaluation: No, the two texts do not match on

T#IIEA KM1ND

Text 2:
Publication date: 2021-03-01

Esther Ouwehand had niets met de piek waar ze opgroeide;
De bouw is typisch eind jaren 70, toen in heel Nederland buiten
de oude woonkeren nieuwe wijken verschenen nog ver voor-
datin 1991 het begrip Vinex zou ontstaan. Rifjeswoningen op
vaak doodiopende woonerven aan smalle, siingerende siraten
waar de auto's niet te hard kunnen rjden. Huizen in verschil-
lende stilen, per wik veranderend. Groene parken en perken,
met een boste geluk wat water. Een school, een winkelcen-
trum. En dan do straatnamen. Esther Ouwehand kwam met
haar broor, zus en ouders terecht in een buurt waar de straten
Mars, Pallas, Uranus en Neptunus heten. In de volgende bu-
ut luisteren ze naar do namen Pollux, Castor en Orion. lts
meer richting zeo ligt oen wik waar do mensen wonen aan
Weegschaal, Boogschutter en Waterman. En bij het sporipark
heten ze Krab, Kreeft en Koraal. Welkom in Rijnsosver, ofwel
Katwik-Noord, de wik die naast Katwilk aan Zee en Katwijk
‘aan de Rin in de Hoomespolder vana’ die jaren 70 de derde
grote woonkern van het Zuid-Hollandse dorp zou worden.
Behalve in Katwik.

Text1:
Publication date: 2021-02-27 20:30:26

Geweld bij antilockdowndemo in Dublin; Bj een demonstratie
tegen de coronamaalregelen in Dublin zijn zeker 23 mensen
opgepakt . Relschoppers raaklen siaags met de lerse politie.
Drie agenten raaklen gewond. De poltie zegt er van tevoren al
op gerekend te hebben dat het protest gewelddadi zou wor-
den. De ongeregeldheden waren aangekondigd op sociale me-
dia. We waren ons bewust van het protest en wat de intentie
was. We hebben ons erop voorbereid en waren uiteraard van
plan het in toom te houden, aldus do_poliiecommissaris
Volgens de poliie gooiden relschoppers onder meer mot vuur-
werk. Verschillonde parken waren van tevoren afgosloton door
de potie. Domonstranten hadden aangekondigd naar het St
Stephen's Green-park to wilen marcheren. Ondanks de ver-
hoogde poliie-inzet kwamen er toch nog honderden mensen
naar het centrum van Dublin, zonder mondkapie. Met wapen-
stokken werden ze weggehouden van het park. Veel poliic
reageren met afschuw op de rellen. Vicepremier Leo Varadkar
schreef op Twitter Dit gedrag van een paar ego sten ondermilnt
de offers die mijoenen mensen de afgelopen twaalf maanden
hebben gebracht.

T#II8
Text2:
Publication date: 2021-03-01

Esther Ouwehand had niets met de plek waar ze opgroeide;
De bouwis typisch eind jaren 70, toen in heel Nederland buiten
de oude woonkemen nieuwe wiken verschenen nog ver voor-
dat in 1991 het begrip Vinex zou ontstaan. Riffeswoningen op
vaak doodiopende woonerven aan smalle, siingerende straten
waar de autos et te hard kunnen rjden. Huizen in verschik-
lende stilen, per wilk veranderend. Groene parken en perken,
met een beetje goluk wat waler. Een school, een winkelcen-
trum. En dan do straatnamen. Esther Ouwehand kwam met
haar broer, zus en ouders torecht in een buurt waar de straten
Mars, Pallas, Uranus en Neptunus heten. In de volgende bu-
urt listeren zo naar do namen Pollux, Castor en Orion. lets
moer richiing zee ligt een wilk waar de mensen wonen aan
Weegschaal, Boogschutter en Waterman. En bij het sportpark
heten ze Krab, Kreeft en Koraal. Welkom in Rijnsoever, ofwel
Katwik-Noord, de wik die naast Katwilk aan Zeo en Katwik
‘aan de Rin in de Hoomespolder vanat die jaren 70 de derde
grote woonkern van het Zuid-Hollandse dorp zou worden.
Behalve in Katwik.

focuses on Geography.

pic main
focuses on Geography.

on Politics toxt

Event Evaluation: The two texts do not match on a news event level. Text 1 reports on a recent ant-lockdown protest in
Dublin that turmed violent, while Text 2 features an interview with Esther Ouwehand about her childhood neighborhood in
Katwilk.

Event Evaluation: The two texts do not match on a news event level. Text 1 reports on a recent anti-lockdown protest in
Dublin that turned violent, while Text 2 features an interview with Esther Ouwehand about her childhood neighborhood in
Katwilk. news events, the texts do

) G

Do these texts describe the same MAIN TOPIC? Do these texts describe the same NEWS EVENT?

Figure 18: Example of comprehensive assistance in AnnoTinder for topic-level, and news event-level
matching.

Third, in the LLM-assisted condition each of the three human annotators was paired with
output from a LlaMA model. Annotator A was supported by the output of LlaMA 7B-chat,
annotator B by LlaMA 13B-chat, and annotator C received partial assistance from both LlaMA
7B-chat and LlaMA 13B-chat.

assistance, including access to text pairs, publication dates, highlighted keywords, proper nouns,

Annotators A and B benefited from comprehensive LLM

topic match evaluations, and news event match evaluations for each pair (see Figure 18). In
contrast, annotator C’s support was limited to highlighted keywords and proper nouns besides
the text pairs and publication dates (see Figure 19). All three annotators also annotated the same
set of tasks without any LLM-assistance (see Figure 20). For both assisted and unassisted
conditions, annotators were required to convey their confidence level in the accuracy of their
assessments with respect to each of their answers regarding topic-level and news event-level

matching (see Figure 21).
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Chapter 4 . Validating methods tracing information flows

L RN 10

Text1:
Publication date: 2021-02-27 20:30:26

Geweld bi] antilockdowndemo in Dublin; Bi een demonstratie
tegen de coronamaatregelen in Dublin zijn zeker 23 mensen
opgepakt . Relschoppers raakten siaags met de lerse poitie.
Drie agenten razkten gewond. De poilie zegt er van tevoren al
op gerekend te hebben dat het protest gewelddadig zou wor-
den. De ongeregeldheden waren aangekondigd op sociale me-
dia. We waren ons bewust van het protest en wat de intentie
was. We hebben ons erop voorbereid en waren ueraard van
plan het in toom te houden, aldus de poltiecommissaris.
Volgens de poliie gooiden relschoppers onder meer met vuur-
werk. Verschillende parken waren van tevoren afgesloten door
de polie. Demonsiranten hadden aangekondigd naar het St
Stephen's Green-park te willen marcheren. Ondanks de ver-
hoogde polfie-inzet kwamen er toch nog honderden mensen
naar het centrum van Dublin, zonder mondkapje. Met wapen-
stokien werden ze weggehouden van het park. Veel politici
reageren met afschuw op e rellen. Vicopreier Leo Varadkar
schreef op Twitter Dit gedrag van een paar ego sten ondermijnt
de offers die mijoenen mensen de afgelopen twaalf maanden
hebben gebracht,

T# I3 KD

Text 2:
Publication date: 2021-03-01

Esther Ouwehand had niets met de plek waar ze opgroeide;
De bouw is typisch eind jaren 70, toen in heel Nederland buiten
e oude woonkemen nieuwe wiken verschenen nog ver voor-
datin 1991 het begrip Vinex zou ontstaan. Rijjeswoningen op
vaak doodiopende woonerven aan smalle, slingerende siraten
waar de auto's niet te hard kunnen rijden. Huizen in verschil-
lende stilen, per wik veranderend. Groene parken en perken,
met een bestje geluk wat water. Een school, een winkelcen-
trum. En dan de straatamen. Esther Ouwehand kwam met
haar broer, zus en ouders terecht in een buurt waar de straten
Mars, Pallas, Uranus en Neptunus heten. In de volgende bu-
ut luisteren e naar de namen Pollux, Castor en Orion. lets
meer richting zee ligt een wik waar de mensen wonen aan
Weegschaal, Boogschutter en Waterman. En bij het sporipark
heten ze Krab, Kreeft en Koraal. Welkom in Rijnsoever, ofwel
Katwijk-Noord, de wik die naast Katwijk aan Zee en Katwijk
aan de Rijn in de Hoomespolder vanat die jaren 70 de derde
grote woonkern van het Zuid-Hollandse dorp zou worden.
Behalve in Katwilk.

Text1:

Publication date: 2021-02-27 20:30:26.

Geweld bi] antiockdowndemo in Dublin; Bi een demonstratie
tegen de coronamaatregelen in Dublin zijn zeker 23 mensen
opgepakt . Relschoppers raaklen siaags met de lerse politie.
Drie agenten raakten gewond. De poliie zegt er van tevoren al
op gerekend te hebben dat het protest gewelddadig zou wor-
den. De ongeregeldheden waren aangekondigd op sociale me-
dia. We waren ons bewust van het protest en wat de intentie
was. We hebben ons erop voorbereid en waren uiteraard van
plan het in toom te houden, aldus de polfiecommissaris.
Volgens de poliie gooiden relschoppers onder meer met vuur-
werk. Verschillende parken waren van tevoren afgesloten door
de poltie. Demonstranten hadden aangekondigd naar het St
Stephen's Green-park te wilen marcheren. Ondanks de ver-
hoogde politie-inzet kwamen er toch nag honderden mensen
naar het centrum van Dublin, zonder mondkapje. Met wapen-
stokken werden ze weggehouden van het park. Veel poliici
reageren met afschuw op de rellen. Vicepremior Leo Varadkar
schreef op Twitter Dit gedrag van een paar ego sten ondermijnt
de offers die mijoenen mensen de afgelopen twaalf maanden
hebben gebracht.

T 03

Text 2:
Publication date: 2021-03-01

Esther Ouwehand had niets met de plek waar ze opgroeide;
De 70, toen in heel

e oude woonkemen nieuwe wijken verschenen nog ver voor-
dat in 1991 het begrip Vinex zou ontstaan. Rifjeswoningen op
vaak doodiopende woonerven aan smalle, slingerende straten
waar de autos niet te hard kunnen rijden. Huizen In verschil-
lende stilen, per wilk veranderend. Groene parken en perken,
met een beetje geluk wat water. Een school, een winkelcen-
trum. En dan de straatnamen. Esther Ouwehand kwam met
haar broer, 2us en ouders terecht in een buurt waar de straten
Mars, Pallas, Uranus en Neptunus heten. In de voigende bu-
urt luisteren ze naar de namen Pollux, Castor en Orion. lets
meer richling zee ligt een wijk waar de mensen wonen aan
Weegschaal, Boogschutter en Waterman. En bij het sportpark
heten ze Krab, Kreeft en Koraal. Welkom in Rijnsoever, ofwel
Katwik-Noord, de wik die naast Katwijk aan Zee en Katwik
aan de Rijn in de Hoomespolder vanat die jaren 70 de derde
grote woonkern van het Zuid-Hollandse dorp zou worden.
Behalve in Katwik.

Do these texts describe the same MAIN TOPIC?

Do these texts describe the same NEWS EVENT?

Figure 19: Example of partial assistance in AnnoTinder for topic-level, and news event-level matching.

In the last phase of the validation scheme, the expert annotator, E evaluates performance. The
aim of this annotation setup was to help us measure the extent to which LLM-assisted human
validation can optimize the validation of information flows. Specially, we asked: 7o whar extent
can LLM-assisted human validation influence the speed of the validation process compared to non
assisted validation? We assessed this by comparing the average time spent per task in an LLM-
assisted setup versus no assistance. We also asked: 70 what extent can LLM-assistance influence the
confidence in annotations compared to non-LLM-assisted validation. Finally, we checked the quality
of annotations by calculating inter-coder reliability across the three annotators and then using an

expert coder to verify the output of the assisted, partially assisted as well as unassisted sets.



L RN 10

Text1:
Publication date: 2021-03-01

Gods poliiek; Stevo Akkerman Zonder enige waarschuwing
vooraf plaatste poliek historicus Ewout Klel vorige week een
verkiezingsaffiche uit 1952 op twiteer. Kiezers, stond er n grote:
letters, een heilloze poltiek voert ons zienderogen naar de on-
dergang! Een pakiende leuze, afkomstig van het
‘Gereformeerd Politiek Verbond GPV, dat 48 jaar later zou op-
gaan in de ChristenUnie. Het GPV deed In 1952 voor het eerst

LR ]

Text 2:
Publication date: 2021-03-01 10:30:10
Partjen willen hogere lasten voor bedriven, bijkt uit door-

rekeningen CPB; Tien partien kiezen voor finke lastenverzwar-
ing voor bedrijven . De mate waarin loopt wel sterk uteen, bijkt

Gentraal Planbureau. VVD en SGP laten de lasten voor het
bedrifsleven stigen met 3,5 miard euro in 2025, de PydA met
bina 42 milard euro. Het GPB heet de programma's van tien

mee ljst 12, voor gezag en vrif , kan-
didaat A. Zijstra. Het was die naam waardoor ik wakker Schrok.
In mijn boekenkast staat het boekje Albertus Zijstra, leven en
arbeid, een biografie, geschreven door S. Akkerman, mijn
grootvader. En voltooid door dr. C. Smits, omdat min grootvad-
er overleed voordat het manuscript gereed was. Ik heb het
noolt durven lezen, bang voor een overdosis vriigemasktheid.
Masr nu ik er foch In begon te bladeren, was ik snel verkacht.
Oh, de onwrikbare geloofsartikelen van die tid, waarvoor men
bereid was te liden en anderen te laten liden. De eigen taal,
mijtegelijkertjd 2o vertrouwd en 2o vreemd Andere tiden.

VVD, CDA, D66, GroenLiks, SP, PvdA,
ChristenUnie, SGP, Denk en 50PIus. In totaal Zin het 2000
maatregelen. Partjen als PVV, Partj voor de Dieren en Forum
voor Democratie hebben hun programma's om uiteenlopende
redenen et laten doorrekenen. De meeste partjen willen de
komende periode meer geld uitgeven. Ook daarbi zin grote
verschillen te zien. Het verschil tussen de partj die de overhei-
dsuitgaven het minst laat stijgen in 2025, de SGP, en de partj
die 26 het meest laat stigen, de SP, is 35 mijard euro.
Ondernemersvereniging VNO-NCW noemt het buitengewoon
zorgiik dat de lasten voor het bedrifsieven van enkele milir-
den tot in theorie 42 miljard euro PvdA kunnen opiopen. Deze
les ljkt men snel vergeten. De andere partien bijven daar alle-
maal onder.

Do these texts describe the same MAIN TOPIC?

LRE 1L

Text1:
Publication date: 2021-03-01

Gods poliiek; Stevo Akkerman Zonder enige waarschuwing
Vooraf plaatste poliiek historicus Ewout Kiel vorige week een
verkiezingsaffche it 1952 op twitter. Kiezers, stond er in grote
letters, een heilloze politiek voert ons zienderogen naar de on-
dergang! Een pakkende leuze, aflomstg van het
Gereformeerd Polliek Verbond GPV, dat 48 jaar later zou op-
gaan in de ChristenUnie. Het GPV deed in 1952 voor het eerst
mee ljst 12, voor hanchaving van gezag en vrjheld beide, kan-
didaat A. Zilstra. Het was die naam waardoor ik wakker schrok.
In mijn boskenkast staat het boskje Albertus Zilstra, leven en
arbeid, een biografie, geschreven door S. Akkerman, mijn
grootvader. En voltooid door dr. C. Smits, omdat mijn grootvad-
er overleed voordat het manuscript gereed was. Ik heb het
oot durven lezen, bang voor een overdosis vrjgemaaldheid.
Maar nu ik er toch in begon te bladeren, was ik snel verkocht.
Oh, de onwrikbare geloofsartikelen van die tid, waarvoor men
bereid was te liiden en anderen te laten liden. De eigen taal,
mijtegelijkertjd 20 vertrouwd en zo vreemd Andere tiden.

T 03

Text 2:

Publication date: 2021-03-01 10
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Partien wilen hogere lasten voor bedriven, bijkt uit oor-
rekeningen GPB; Tien partjen iezen voor finke lastenverzwar-
g voor bedriven . De mate waarin loopt wel sterk ueen, bijkt
uit de doorrekeningen van e verkiezingsprogramma's door het
Gentraal Planbureau. VD en SGP laten de lasten voor het
bedrifsleven stigen met 3,5 miard euro i 2025, de PvdA met
bina 42 miard euro. Het GPB heet de programma's van fien
partien doorgerekend VVD, CDA, DES, GroenLinks, SP, PudA,
GhristenUnie, SGP, Denk en 50Plus. In totaal zin het 2000
maatregelen. Partien als PVY, Partj voor de Dieren en Forum
voor Democratie hebben hun programma's om uiteenlopende
redenen niet laten doorrekenen. De meeste partien willen de
Komende periode meer geld uitgeven. Ock daardi zin grote
verschilln te zien. Het verschil tussen de partj die de overhe-
dsuitgaven het minst laat stigen in 2025, de SGP, en de parti
Gie 20 het moest laat stigen, de SP, is 35 milard euro
Ondernemersvereniging VNO-NCW noemt het buitengewoon
Zorgeljk dat de lasten voor het becrifsleven van enkele mijar-
den tot n theorie 42 mijard euro PvdA kunnen oplopen. Deze
les ljkt men snel vergeten. De andsre partien bijven daar alle-
maal onder.

Do these texts describe the same NEWS EVENT?

Figure 20: Example of no assistance in AnnoTinder for topic-level, and news event-level matching.

4a. Annotator A

performs validation
with LLM-assistance

(LlaMA 7B-chat)

+ without assistance

1. Intercoder reliability (ICR)
annotators A, B, C,
expert annotator E

annotate overlap sample

I

2. ICR
acceptable

[

3. LLMs perform validation

Output given to

annotators:

Keywords,

Proper nouns,

Topic-level evaluation,

News-event-level evaluation

4b. Annotator B
performs validation with LLM-
assistance (LlaMA 13B-char)

+ without assistance

~

4c. Annotator C
performs validation with
partial LLM-assistance on
mixture of LlaMA output

(no evaluation)
+ without assistance

\

5. Expert annotator E
Evaluates performance:

check quality,
speed, confidence
within person +

between person

Figure 22: Phases of testing LLM-assisted human validation



Chapter 4 . Validating methods tracing information flows

L RN 10

Text1:
Publication date: 2021-02-27 20:30:26

Geweld bij antilockdowndemo in Dublin; Bi een demonstratio
tegen de coronamaatregelen in Dublin zijn zeker 23 mensen
opgepakt . Relschoppers raakten slaags met de lerse poitie.
Drie agenten raakten gewond. De poitie zegt er van tevoren al
op gerekend te hebben dat het protest gewelddadig zou wor-
den. De ongeregeldheden waren aangekondigd op sociale me-
dia. We waren ons bewust van het protest en wat de intentie
was. We hebben ons erop voorbereid en waren uiteraard van
plan het in toom te houden, aldus de poliiecommissaris.
Volgens de poliie gooiden relschoppers onder meer met vuur-
werk. Verschillende parken waren van tevoren afgesloten door
de poltie. Demonstranten hadden aangekondigd naar het St
Stephen's Green-park te wilen marcheren. Ondanks de ver-
hoogde polie-inzet kwamen er toch nog honderden mensen
naar het centrum van Dublin, zonder mondkapje. Met wapen-
stokken werden ze weggehouden van het park. Veel politci
reageren met afschuw op e rellen. Viceprenier Leo Varadkar
schreef op Twitter Dit gedrag van een paar ego sten ondermijnt
do offers die mijoenen mensen de afgelopen twaalf maanden
hebben gebracht,

Topic Evaluation: No, the two texts do not match on

T# I3 KD

Text 2:

Publication date: 2021-03-01

Esther Ouwehand had niets met de plek waar ze opgroeide;
De bouw is typisch eind jaren 70, toen in heel Nederland buiton
de oude woonkemen nieuwe wijken verschenen nog ver voor-
datin 1991 het begrip Vinex zou ontstaan. Rijjeswoningen op
vaak doodiopende woonerven aan smalle, siingerende straten
waar de auto's niet te hard kunnen riden. Huizen in verschil-
lende stilen, per wik veranderend. Groene parken en perken,
met een beetie geluk wat water. Een school, een winkelcen-
trum. En dan de straatnamen. Esther Ouwehand kwam met
haar broer, zus en ouders terecht in een buurt waar de siraen
Mars, Pallas, Uranus en Neptunus heten. In de volgende bu-
urt luisteren ze naar de namen Pollux, Castor en Orion. lets
meer richting zee ligt een Wik waar de mensen wonen aan
Weegschaal, Boogschutter en Waterman. En bi het sporipark
heten ze Krab, Kreeft en Koraal. Welkom in Rijnsoever, ofwel
Katwijk-Noord, de wik die naast Katwijk aan Zee en Katwijk
aan de Rin in de Hoomespolder vanat die jaren 70 de derde
grote woonkern van het Zuid-Hollandse dorp zou worden.
Behalve in Katwik.

focuses on Geography.

Text1:
Publication date: 2021-02-27 20:30:26.

Geweld bi] antiockdowndemo in Dublin; Bi een demonstratie
tegen de coronamaatregelen in Dublin zijn zeker 23 mensen
opgepakt . Relschoppers raaklen siaags met de lerse politie.
Drie agenten raakten gewond. De poliie zegt er van tevoren al
op gerekend te hebben dat het protest gewelddadig zou wor-
den. De ongeregeldheden waren aangekondigd op sociale me-
dia. We waren ons bewust van het protest en wat de intentie
was. We hebben ons erop voorbereid en waren uiteraard van
plan het in toom te houden, aldus de polfiecommissaris.
Volgens de poliie gooiden relschoppers onder meer met vuur-
werk. Verschillende parken waren van tevoren afgesloten door
de poltie. Demonstranten hadden aangekondigd naar het St
Stephen's Green-park te wilen marcheren. Ondanks de ver-
hoogde politie-inzet kwamen er toch nag honderden mensen
naar het centrum van Dublin, zonder mondkapje. Met wapen-
stokken werden ze weggehouden van het park. Veel poliici
reageren met afschuw op de rellen. Vicepremior Leo Varadkar
schreef op Twitter Dit gedrag van een paar ego sten ondermijnt
de offers die mijoenen mensen de afgelopen twaalf maanden

T#l8

Text 2:

Publication date: 2021-03-01

Esther Ouwehand had niets met de plek waar ze opgroeide;
De 70, toen in heel

e oude woonkemen nieuwe wijken verschenen nog ver voor-
dat in 1991 het begrip Vinex zou ontstaan. Rifjeswoningen op
vaak doodiopende woonerven aan smalle, slingerende straten
waar de autos niet te hard kunnen rijden. Huizen In verschil-
lende stilen, per wilk veranderend. Groene parken en perken,
met een beetje geluk wat water. Een school, een winkelcen-
trum. En dan de straatnamen. Esther Ouwehand kwam met
haar broer, 2us en ouders terecht in een buurt waar de straten
Mars, Pallas, Uranus en Neptunus heten. In de voigende bu-
urt luisteren ze naar de namen Pollux, Castor en Orion. lets
meer richling zee ligt een wijk waar de mensen wonen aan
Weegschaal, Boogschutter en Waterman. En bij het sportpark
heten ze Krab, Kreeft en Koraal. Welkom in Rijnsoever, ofwel
Katwik-Noord, de wik die naast Katwijk aan Zee en Katwik
aan de Rijn in de Hoomespolder vanat die jaren 70 de derde
grote woonkern van het Zuid-Hollandse dorp zou worden.
Behalve in Katwik.

hebben gebracht.
Event Evaluation: The two texts do not match on a news event level. Text 1 reports on a recent anti-lockdown protest in
Dublin that turned violent, while Text 2 features an interview with Esther Ouwehand about her childhood neighborhood in
Katwilk.
How confident are you about the accuracy of your TOPIC EVALUATION answer? How confident are you about the accuracy of your TOPIC EVALUATION answer?
- 5 - + - - - s . -

Figure 21: Example of confidence question in AnnoTinder for topic-level, and news event-level matching
(comprehensive and partial).

Annotation speed

We begin by highlighting results with respect to annotation speed. Table 9 indicates mean
annotation speed levels overall (both for topic-level and news-event-level matching), for topic-
level matching, and for event-level matching speed for annotators A, B and C in the assisted
as well as unassisted conditions. The pattern for annotator A and B appears to follow the some
trend. Namely, comprehensive LLM-assistance seems to lead to longer annotation time compared
to the unassisted condition for both annotators. Albeit, independent samples T-tests showed no
statistically significant differences between the assisted and unassisted sets for neither topic-level
matching, event-level matching, or in general for annotator A and B. Meanwhile, we observed an
inverse pattern with respect to the results of the annotation speed of annotator C. Partial assistance
(only highlighted keywords, and proper nouns) on a mixture of the output by LlaMA 7B-chat and
13B-chat seems to speed up the annotation procedure for all measured aspects. For annotator C,
the difference was only significant for the event-level matching annotation task. Thus, it appears
that partial assistance proves more useful for more complex tasks such as determining whether

two texts matched on the news event-level.
Annotation confidence

Next, we outline results with respect to annotation confidence for all three annotators. As

mentioned before, after completing each annotation task, annotators had to indicate to what
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Table 9: Mean annotation speed (in seconds) SD in parentheses

Annotator  Type Hoverall Htopic—level — Mevent—level
A assisted (LlaMA 7B) 12.86(130.25) 23.94(183.58) 1.77(3.93)
A unassisted 6.45(19.53) 11.17(26.67) 1.72(2.84)
B assisted (LlaMA 13B) 17.43 (78.72) 20.77(73.00)  14.08(83.99)
B unassisted 14.81(85.22)  2028(68.70)  9.34(98.80)
C partially assisted (LIlaMA 7B+ 13B) 5.11(40.26) 8.85(56.69) 1.37(1.74)
C unassisted 9.00(68.73) 14.41(96.69) 3.59(7.00)

extent they felt confident about their choice with respect to the (1) topic-level match and with
respect to (2) news event-level match on a scale from not confident at all (- -) to very confident
(++). These values were recoded to form scale between 0 (not confident at all) to 4 (very
confident). Results shown on the Table 10 indicated that regardless of LLM-assistance
annotators were highly confident about their answers regarding topic matching and event
matching tasks. As such, the presence of LLM-assistance neither increases nor decreases the
annotators’ confidence in performing flow-based annotations. As the scores are almost identical

in both conditions for all annotators, we did no perform further statistical tests.

Table 10: Descriptive statistics of annotation confidence (0-4)

Annotator  Type Hoverall — Htopic—level — Mevent—level
A assisted (LlaMA 7B) 4.00 4.00 4.00
A unassisted 3.97 3.96 4.00
B assisted (LIaMA 13B) 3.94 3.94 3.95
B unassisted 3.96 3.96 3.96
C partially assisted (LlaMA 7B+ 13B) 3.97 3.96 3.99
C unassisted 3.95 3.95 3.95
Annotation quality

Given that annotation speed and annotator confidence only matters if annotation quality is
acceptable, we must also assess annotation quality to obtain a better understanding of the potential
utility of an LLM-assisted validation scheme for information flows. Speed and confidence are
rather annotator dependent but the annotations themselves should not be so given the previously
calculated good ICR score. The most important measure of whether LLMs are able to improve the
process of annotations and validations is the annotation quality. We assess this by first calculating
inter-coder reliability across the assisted and unassisted sets and then utilizing an expert who

verifies the output of the majority vote.

First, the inter-coder reliability across annotators A, B, and C on the unassisted task for

topic-level matching was good (ov = 0.83). The inter-coder reliability for event-level match was
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acceptable (& = 0.60) for the unassisted condition. The ICR across the annotators in the
LLM-assisted condition was a = 0.80 for topic-level matching, and @ = 0.64 for news
event-level matching. Based on these findings it appears that LLM-assistance can lead to a
minor improvement in annotation quality for news-event-level matching but this difference is
negligible.  Furthermore, LLM-assistance may decrease the ICR slightly. ~However, this

difference is not meaningful enough either.

Alignment between LLM-annotation and human annotation. Digging deeper into the potential
influence of LLM-assistance on annotators performance, we first calculated inter-coder
reliability between the annotations of the two LLMs, LlaMA 7B-chat and LlaMA 13B-chat, and
Annotator A and B respectively ®. The ICR between LIaMA 7B-chat, and annotator A was low
for the topic-level matching task (@ = 0.29), and extremely low for event-level matching task
(= —0.11).

In the same vein, the ICR between LlaMA 13B-chat, and annotator B was low for the topic-
level matching task (o« = 0.22) and extremely low for event-level matching task (o« = 0.10).
These results suggest a couple of things. First, given the low agreement between the LLMs and
the corresponding human annotators but the high agreement between the human annotators,
we can conclude that human annotators rightly disregarded the evaluations provided by LLMs
during the annotation procedure and instead followed the instructions they were given. Second,
despite receiving the same instructions (i.e., codebook) the annotations provided by LLMs do not
align well with the annotations provided by human annotators. Hence, it appears that the task
was much more understandable to humans than to the LLMs used for the purpose of this study.
This is unsurprising as our initial error analysis already revealed some significant shortcoming for
both LlaMA 7B-chat and LIaMA 13B-chat in understanding the particular instructions given to
them. Nevertheless, what we should consider a positive outcome is that human annotators in this

study did not appear to get swayed by the sometimes erroneous evaluations provided by LLMs.

In addition we also calculated agreement between the two LLMs. We found that ICR for
topic-level matching task was very low (av = 0.1), and the ICR for the event-level matching
task was low (& = 0.35). This indicates that not only did the LLMs judgement differ to a
great extent from human judgments, the two models also very much disagreed with one another
despite receiving identical instructions. It must be noted that crafting and testing the instructions
(prompt engineering) was a lengthy process (approximately 3 weeks). Despite this long iterative
procedure the best performance we achieved with these LLMs was still rather weak. Although we

cannot be certain whether the LLMs tested here could have performed better if we had crafted our

e did not compare the LLMs to the performance of annotator C as the output annotator C received was only in

the form of highlighted keywords generated by both LLMs (half by LlaMA 7B-chat and half by LlaMA 13B-chat)
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instructions differently, we argue that investing any more time into prompt engineering would

have defeated the purpose of optimizing the validation procedure of flow-based methods.

All'in all, our findings suggest that while the proposed LLM-assisted human validation scheme
may show some promise for the validation of complex flow-based methods on the news events
level, the current performance of the self-hosted, few-shot LLMs, LlaMA 7B-chat and LlaMA
13B-chat, is simply not good enough to be useful for such a difficult task. Neither, LlaMA 7B-chat
nor LlaMA 13B-chat appear to be good at following strict annotation instructions, which have
historically been a paramount to generating high-quality gold standard data for automated text
analysis methods. Nevertheless, we believe the insights provided in this study may prove useful
to scholars who wish to turn to LLMs for solving complex annotation and validation problems

similar to the detection and validation of information flows.

Expert finishes gold standard dataset for information flows

As indicated by Figure 16, the final step of the proposed validation procedure is the expert
annotator’s task to make a final decision on the mismatched cases across the annotators for both
the topic-level matching task and the news event-level matching tasks for the assisted and
unassisted conditions. We argue that this last step is crucial to ensure high quality gold standard
data. 101 out of 495 cases appeared to show some disagreement between annotators in the
unassisted condition. In 48 cases the annotators did not agree on the topic-level matching task,
and in 58 cases annotators did not agree on the event-level matching task. In the same vein, in
111 out of 495 cases annotators disagreed in the assisted condition. 46 of these disagreements
pertained to the topic-level matching task whereas 65 of them pertained to the news event-level
matching task. The expert annotator went through all of the mismatched cases and annotated
them once more to correspond to the annotation instructions. After this final expert verification
step, we were confident that we have achieved a high quality gold standard dataset. We make

both the dataset as well as all associated Python and R scripts public on GitHub ¢/.

Conclusion and Discussion

The validation of complex and flow-based methods poses a challenge to several scholars who
apply automated methods to detect information flows across large, multi-platform corpora. The
validation of document-comparison and flow-based methods has historically been expensive,

time-consuming and prone to errors due to the exponential nature of the task. Despite

7 https://github.com/psyronika/LLM_validate
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significant advancements in the realm of methods available to trace information flows,
innovation with respect to the validation of these novel powerful methods has so far been
lagging behind.  Chapter 2 and Chapter 3 have successfully employed some of these
state-of-the-art methods to trace information flows both in a static and a dynamic way over
time. Yet, assessing the extent to which the findings of in these chapters were truly valid,
remained unclear due to the complex and dynamic nature of the task at hand. The current
chapter aimed at advancing the validation of such dynamic methods by leveraging the power of
LLMs as well as an expert annotator in optimizing this procedure. Specifically, we devised and
tested an LLM-assisted human validation scheme. We tested our proposed scheme on a corpus
0f 990 candidate text pairs for information flows based on a Dutch-language collection of news
articles published by 10 news outlets surrounding the 2021 general elections (Aaldering et al.,
2021). Our proposed method involved the testing of two light-weight, self-hosted LLMs,

LlaMA 7B-chat, and LlaMA 13B-chat, three human annotators, as well as an expert annotator.

Although our findings are discouraging with respect to the usefulness of the tested more
open, and lightweight LLMs for optimizing the validation tasks for information flow-based
methods, our study makes important contributions to the field of computational
communication science and to the ongoing debate about the usage of LLMs in research for tasks
that have traditionally been performed by humans. We provide important guidelines to scholars
who are applying methods tracing information flows and those who are considering the usage of
LLMs to optimize annotation tasks. We discuss the usage of LLMs in academic research and
clarify the openness, or lack thereof of “open-source” LLMs (Liesenfeld et al., 2023). Stressing
the importance of testing these models thoroughly, we advocate for comprehensive error
analyses as well as verification of the annotations (both LLM- and human-annotated) by expert

annotators in order to ensure the generation of high quality gold standard datasets.

Our error analysis offers valuable insights to scholars who wish to use more open and light-
weight LLMs for complex annotation or validation tasks that are inherently dynamic in nature.
We identify the most common pitfalls regarding the performance of two LLMs on flow-based
tasks, and recommend solutions to circumvent these shortcomings. Additionally, we also release
a validated dataset for information flows (N = 990) both on the main topic-level as well as on
the news event-level. We argue that this dataset can serve as a valuable resource to researchers who
can make use of this gold standard dataset to train new models or validate their existing models

that aim to capture similar flow-based phenomena.

Although the models tested in this study were neither the best performing LLMs available nor

the easiest to instruct, we opted for these models for two main reasons. Accessibility was the main



reason why we opted for the usage of LlaMA 7B-chat and LlaMA 13B-chat respectively. These
models are highly accessible to many computational communication scientists both financially
as well as practically. Their usage is completely free, and accessing them is a few clicks away
after being granted permission by Meta. Moreover, these models can be set up and used on
relatively modest systems such that was utilized for the purpose of this study. The second main
reason behind the choice for LlaMA 7B-chat and LlaMA 13B-chat was the ambition for more
openness and transparency. Despite the fact that the self-hosted and light-weight models used
here arguably fall short on openness (Liesenfeld et al., 2023), they still represent a safer choice
compared to models such as GPT4 that are only accessible through commercial API’s, thereby

jeopardizing research integrity and transparency especially for potentially sensitive or proprietary
data (Térnberg, 2023b).

Our findings showed that the tested models are not yet powerful nor reliable enough to be
used off the shelf without the need for thorough human verification. Nevertheless, there is some
merit in the process of setting up such LLM-assisted validation schemes. Although the LLMs to
date may not perform well enough on the task of validating flow-based methods, our findings
showed that providing partial assistance to annotators in the form of highlighted keywords, may
already improve the validation procedure of flow-based methods in terms of annotation speed.
Naturally, obtaining such hints as highlighted keywords need not be performed by LLMs. There
are other, simpler, less computationally expensive ways to go about such subtle, yet useful forms
of assistance. For instance the transformer-based keyword extraction tool KeyBERT may be a
useful tool for this (Grootendorst, 2023).

The usefulness of highlighted keywords during the annotation procedure is in line with
rescarch that emphasized the importance of incorporating visual cues into the annotation
procedure and software to increase annotation productivity for NLP-based annotation tasks
(Stenetorp et al., 2012). Thanks to AnnoTinder (Welbers, 2022), the annotation software used
for the purpose of this study, we had the advantage of implementing the validation task as well
as the LLM-assistance in a relatively simple, yet highly intuitive and visually appealing manner
that enabled us to facilitate a smooth annotation procedure for all human annotators. The
relatively good performance of human annotators in terms of annotation speed and quality
demonstrated that rather than having to scroll through endless Excel sheets to perform
annotation tasks, using a dedicated annotation software can go a long way, especially for more

complex, document comparison-based tasks.

Despite the current study’s discouraging results, the idea of Al-assisted annotation is still a

promising one. Scholars recently tested and a novel Al-assisted annotation tool for a highly
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challenging image-based semantic segmentation annotation task (Pavoni et al., 2022). Findings
showed significant improvements in annotation speed while preserving labelling accuracy.
Therefore, we argue that continuing to test the extent to which we can use Al, and novel
technologies such as LLMs to resolve complex problems such as the validation of flow-based
tasks remains crucial. Furthermore, we argue, that certain annotation tasks may be too complex
to perform for the human brain in a reliable and consistent fashion. This is where providing
some form of assistance or guidance to humans while performing the task could make a
significant difference. Ultimately, all we may need is an assistant that consistently and reliably
follows instructions and keeps key information in memory in order to help the process of
generating gold standard data. Thus, the idea of LLM-assisted annotation must be further

tested until we achieve a safe and reliable model that can perform this task.

Although our study was largely exploratory in nature, we provide some valuable insights and
resources to scholars. Tackling the validation of complex and flow-based methods remains a
challenging tasks that necessitates the exploration of novel technologies that can have the potential
to optimize this crucial but labour intensive, expensive, and overall inefficient task. Overall, we
contribute to the debate surrounding the importance of validation for computational methods
and the need for innovation with respect to the ways in which validation of such methods has
historically been performed (Birkenmaier et al., 2023). Methodologically, we demonstrated how
to set up and test an LLM-assisted human validation scheme for flow-based methods by testing
the capacity of two self-hosted and light-weight LLMs. Further, we highlight the crucial role of
human annotations and the potential for the introduction of expert annotators in improving the

quality of gold standard data.

Limitations and future research

The current study had several limitations. First, given the low performance of the tested more
light-weight LLMs in following strict instructions, the real value of the explanations provided by
these models could not be assessed in this study. Besides their technical limitations, it is possible
that that these light-weight and self-hosted models were not suitable to capture information flows
based on the theoretical definition of what information flows are. Future research could test these
model’s ability to assess whether and information flows exists between text pairs using a zero-shot
approach. Perhaps part of the reason why it has proven difficult to capture information flows
especially on the news events level is related to the conceptual fuzziness of the definitions used
to define these flows. An alternative direction for future research could be to let LLMs come up
with their own understanding of how information flows across texts would manifest and then

verify the results by human coders to assess whether the choices made by the LLMs make logical



sense. Such an experiment could contribute to refining the definition of information flows on

finer-grained level such as on the news-event-level.



