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Abstract
The aim of this thesis is to develop meaningful indices for measuring the press coverage
of the economy and the sentiment of newspaper articles, and to study their association
with fertility dynamics. In a context where the media play a crucial role in shaping
public opinion and influencing individual decisions, this thesis contributes to the body
of research exploring the relationship between media narratives about the economy and
fertility trends, particularly in the UK. The research specifically focuses on the creation
of indices to accurately represent the media narratives of the economy, to explore how
fluctuations in aforementioned indices may be associated with fertility. This issue is
particularly relevant given the significant decline in fertility rates in Europe following
the Great Recession (2008-2010). Fertility decisions are often made under uncertainty,
which is amplified during periods of economic instability. Media narratives likely play a
critical role in shaping these decisions, as economic perceptions are influenced not only
by objective indicators, but also by how the economy is portrayed in the media. The first
part of this research involves developing comprehensive indices of economic news for Italy
using machine learning techniques. The second part of the study assess the constructed
press-based indices on the aggregate fertility in the UK. While pre-crisis media coverage
showed no significant relationship with fertility, post-crisis coverage became positively
associated with fertility trends. Notably, the economic sentiment was strongly associated
with declining fertility rates, particularly in the post-crisis period. The findings aim to
illustrate the process of constructing these indices and how they compare to traditional
economic indicators, suggesting that they can capture aspects of economic discourse that
traditional indicators may not fully reflect. Furthermore, this study demonstrates the
potential of media-based indices as complementary tools for economic analysis, providing
valuable insights into how media coverage and sentiment may behave with respect to
broader economic dynamics. Moreover, this research contributes to the growing body of
literature that examines the relationship between media narratives about the economy
and fertility.

Keywords: BERT, Press-based indices, Fertility, ARDL
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Introduction

0.1. Overview

In the wake of the global financial crisis of 2008-2010, Europe experienced a prolonged
period of economic instability that had profound implications for the national economies.
While the recovery phase continued into the next decade, events such as trade tensions
between the US and China, Brexit and the outbreak of the COVID-19 pandemic in 2020
revived concerns about economic uncertainty (Baker et al., 2016). These developments
underscore a critical issue in modern economic analysis: the challenge of measuring and
understanding economic uncertainty, which is often poorly captured by traditional indi-
cators like GDP or employment rates.

In recent years, scholars have increasingly recognized that traditional economic in-
dicators are insufficient to fully explain perceived economic condition during periods of
uncertainty (Vignoli et al., 2020b,a). While classic indicators provide valuable insights
into the state of the economy, they fail to capture the subjective dimension that influ-
ences how individuals and businesses interpret and respond to economic conditions. This
has led to the development of alternative measures based on media narratives, which aim
to capture the sentiment and framing of economic issues in the public discourse. These
media-based indices have emerged as important complementary tools for understanding
the economic context, as they offer a way to measure public perceptions of the economy,
which can diverge significantly from objective reality. One of the key advantages of using
media-based indices, such as indices to measure the economic coverage and the economic
sentiment conveyed by the media, is their ability to capture real-time fluctuations in eco-
nomic discourse, offering insights that traditional metrics like GDP may fail to provide.
By examining both the volume and tone of media coverage, these indices offer a dynamic
perspective on how economic issues are framed and understood by the general public.

The connection between media coverage and economic perception has been widely
studied, particularly in the context of financial markets, consumer confidence, and political
behaviour (Boydstun et al., 2018; Brettschneider, 2000; Cepernich, 2012; Damstra et al.,
2018; Garz, 2012; McCombs, 2002; Soroka et al., 2015). While research on the relationship
between media narratives and demographic behaviour, particularly fertility trends, is
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2 | Introduction

still in its early stages, recent studies (Guetto et al., 2023; Schneider, 2015) found that
economic news coverage, particularly its tone and incidence, is associated with fertility
trends, with negative economic narratives linked to declining fertility rates, underscoring
the need for further investigation.

Fertility choices are often made under conditions of fundamental uncertainty, as the
choice to have a child involves a range of life changes that cannot be fully predicted.
Economic uncertainty, particularly following the Great Recession, has become a significant
factor influencing fertility decisions in many European countries. Even countries with
previously stable and relatively high fertility rates have experienced a decline in fertility
since 2008. For instance, in Southern Europe, countries like Italy, Spain, and Greece
have seen a sustained drop in fertility, moving toward “lowest-low” fertility levels, as
indicated by total fertility rates (TFR) of 1.3 or below. Nordic countries, known for
historically high fertility, have also experienced an unexpected and dramatic decline, with
Finland reaching a record-low TFR of 1.35 in 2019 and this decline has persisted even as
most of the “traditional”, objective economic indicators suggested a recovery. Although
traditional economic indicators are an important determinant of fertility trends, they no
longer provide a complete picture. How these economic phenomena are presented to the
public also plays a crucial role, as media portrayals can shape perceptions of the economic
situation in ways that may not always align with objective reality. This highlights the
importance of exploring the media’s emphasis on economic narratives, which can have a
greater impact on behaviour than traditional economic indicators.

The concept of “narratives of the future”, as described by Vignoli et al. (2020c,b),
offers a useful framework for understanding the link between media coverage and fertility.
Individuals construct their own narratives about the future based on the information they
receive from the media, as well as their social environments and personal experiences.
During times of economic uncertainty, media narratives can play a critical role in shaping
these personal projections, influencing decisions about having children.

Building on this framework, the primary goal of this thesis is to construct robust indices
that measure both the extent of coverage on economic issues and the sentiment expressed
in the news, and to examine their relationship with fertility. Given the significant role of
the media in shaping public opinion and influencing individual choices, this research adds
to the existing literature by investigating the connection between media-driven economic
narratives and fertility.

The first chapter in this thesis focuses on constructing comprehensive indices of media
coverage and sentiment to capture the economic discourse in the press, with particular
focus on the Italian landscape. Using state-of-the-art machine learning techniques, specif-
ically the BERT model (Devlin et al., 2019), the study develops two indices: the Economic
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Coverage Index (ECI) and the Economic Sentiment Index (ESI). The ECI measures the
volume of economic news, while the ESI assesses the sentiment conveyed in these articles,
classifying them as positive, neutral, or negative. The development of these indices fills
a critical gap in the literature, as there has been little research on the application of ma-
chine learning techniques to analyse Italian economic news, particularly using advanced
models like BERT.

In the second chapter, the focus shifts to the UK, where the relationship between media
narratives and fertility trends is examined. Fertility decisions in the UK, as in much of
Europe, have been influenced by a complex interplay of economic, social, and political
factors which have made economic uncertainty a “game-changer”, including the Great
Recession, austerity measures, and Brexit. The UK’s fertility rate, once higher (1.91)
than that of many Southern European countries, began to decline after 2013 (1.83),
and this decline has continued in the years since (1.56 in 2020). This work seeks to
understand whether media narratives about the economy, as reflected in the ECI and
ESI, are associated with aggregate fertility trends in the UK. The literature suggests that
increased media coverage of economic issues is associated with a decline in fertility rates,
and that a more negative tone in economic news amplifies this effect (Guetto et al., 2023;
Schneider, 2015).

The decision to focus on Italy in the first chapter and the UK in the second is based on
a combination of practical, academic, and personal reasons. Italy, my home country, was
chosen not only due to the availability of relevant data but also because my familiarity
with the local context, including Italian media and sources, allowed me to more effectively
design and implement the indices. On the other hand, the UK became a focal point
due to my time as a visiting scholar, which allowed me to engage with experts in the
field and deepen my understanding of fertility in the country. While Italy has seen a
sustained decline in fertility rates and some existing micro-level evidence between fertility
and the media, the application of media-based indices has been less explored in the UK,
making it an important context to investigate. Additionally, the UK’s fertility trends
have historically differed from Italy’s, with higher fertility rates in the past, offering an
interesting contrast for comparison within a broader European context.

The methodology employed combines advanced machine learning techniques for text
analysis with econometric modelling. The BERT model is used to classify news articles as
either “on-topic” (related to the economy) or “off-topic”, and to assign a sentiment score
to those that are “on-topic”. These indices are then analysed using an autoregressive
distributed lag (ARDL) model to explore the relationship between media narratives and
aggregate fertility. This approach allows for a comprehensive analysis of both the short-
term and long-term associations between media coverage and the aggregate fertility.
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This thesis contributes to the growing body of research examining the role of media in
shaping economic perceptions. It provides methodological advancements in constructing
media-based indices and explores their potential associations with fertility trends in the
UK.
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Sentiment indices
This chapter provides a detailed overview of natural language processing (NLP) techniques
and outlines the process for constructing press-based indices of economic coverage and
sentiment. Italy is presented as a case study, illustrating how these indices behave in
comparison to traditional economic indicators. A version of this work has been published
as a short paper in the Book of Short Papers of SIS 2024, Fabrizio et al. (2025).

1.1. State of the art

1.1.1. Textual Analysis

Textual analysis is the subject of many research questions, especially in the branch of
social sciences Grimmer & Stewart (2013) and represents an interesting source of data
that if treated properly provides access to information and measurements that might not
otherwise have been had.

The primary challenges associated with this type of data are its potential volume,
which may render its comprehensive review difficult, and the cost-intensive nature of la-
belling. As presented by Barberá et al. (2016) the principal criteria to treat these types
of data are a dictionary-based approach or a machine learning approach. The first entails
the definition of a set of rules that are then applied to the text, on the other hand, a
machine learning approach involves hiring an army of labellers and defining a classifica-
tion method. There have been several studies that have used natural language processing
(NLP) techniques to construct quantitative and qualitative economic indices based on
newspaper narratives. Baker et al. (2016) built the Economy Policy Uncertainty (EPU)
index for the United States and 11 other major economies and explored the association of
the EPU index against the traditional indicators of the economy. For each country they
have extracted the count of the articles containing specific keyword related to economy,
policy, and uncertainty in the native language. The paper suggests that a high level of un-
certainty could have had a negative impact on macroeconomic performance. On the same

5



6 1| Construction of Coverage and Sentiment indices

wavelength, Alexopoulos & Cohen (2015) showed three indicators of general economic un-
certainty (GEU) based on counting specific keywords contained in news articles from the
New York Times: the GEU1, GEU2 and GEU3. GEU1 (the basic index) counts all items
that contain basic economic terms (economic, economy, or economics), while the others
are extensions of the basic index in the sense that they provide a more specific count of
articles related to uncertainty. They find that when there is an increase in uncertainty
measured by the created indicators, there is a significant decrease in returns on the S&P
500, and the stock market volatility increases. The same authors in Alexopoulos & Cohen
(2009) recall a monthly version of their uncertainty measures and showed that the level
of uncertainty captured by the index can account for between 10 and 25 per cent of the
short-run variation in output, employment, productivity, consumption, and investment.

In the field of social science, Schneider (2015) developed a metric to track the frequency
of newspaper articles in the Lexis Nexis database each year that contained any of some
predetermined phrases associated with the 2007-2009 recession. While this metric may
be associated with the actual rates of unemployment and foreclosures, it is unique in
capturing the media’s emphasis on these economic indicators. However, as stated by
Barberá et al. (2016) measuring an indicator, defining a priori a set of words or phrases
could limit the feature space without a valid reason. Even if the analyst devises or chooses
a suitable dictionary, there could still be features that are relevant to the analysis but
not included in the dictionary. By defining the set of ’relevant’ features beforehand, the
analyst significantly restricts the amount of information they can extract from the text.
Again Barberá et al. (2016) investigates the performance of machine learning techniques
versus the dictionary-based ones, and they find that the first approaches outperform the
seconds. In this thesis, my aim is not to demonstrate that the machine learning approach
is always superior to a dictionary-based approach or that machine learning methods do
not have negative aspects. In fact, as stated by Shapiro et al. (2022) one of the challenges
of using machine learning methods is that they often are ‘black boxes’ making it difficult
to understand their inner workings and to implement or replicate their results. Not
all machine learning methods are equally difficult to implement and replicate, and the
complexity also depends on the specific algorithm used and the requirements of the tasks.

1.1.2. Bidirectional Encoder Representations from Transform-
ers (BERT)

Among the various language models in natural language processing applications, the
Bidirectional Encoder Representations from Transformers (BERT) Devlin et al. (2019)
stands out as one of the top-performing models. Its performance exceeds that of most



1| Construction of Coverage and Sentiment indices 7

state-of-the-art models, making it a highly effective tool for a wide range of natural
language processing tasks. It has paved the way for the development of a wide range of
cutting-edge language models, which have found important applications in the field of
sentiment analysis. These models are able to utilize their extensive pre-training on large
amounts of text data to improve their performance on specific tasks through a process
called fine-tuning.

The pre-training phase is composed of two unsupervised tasks: masked-lm and next-
sentence prediction. The first consists of masking some portion of the input tokens at
random, and then predicting those masked tokens. On the other hand, the second involves
comprehending the relationship between two sentences, which is not directly captured by
traditional language models. It can be used for different NLP tasks such as question an-
swering, abstract summarization, sentence prediction, conversational response generation,
polysemy and coreference resolution, word sense disambiguation, natural language infer-
ence and sentiment classification. By analysing context in both forward and backward
directions, the models are able to retain their ability to generalize while also adapting to
the specific content of the task at hand. During the fine-tuning phase, the outer layers
of the network can be adjusted in a flexible manner to further specialize the architecture
and create a customized model. The hyperparameters are the key variables that can be
adjusted during the fine-tuning process. These include the number of transformer blocks,
which determine the depth of the encoder network, as well as the number of attention
heads or self-attention mechanisms. In addition, the hidden size of the feed-forward net-
works, the maximum length of the input sequence, and the total number of weights in
the network are all parameters that can be adjusted to improve performance.

BERT can be used mainly with two architectures (base and large) that differ in the
number of hidden layers in the transformer encoder, the number of attention heads, hid-
den size of the feed-forward networks and finally the maximum sequence length (512 or
1024). That sequence may be composed of one or two segments, with the first token of
the sequence always being the special [CLS] token, which contains the classification em-
bedding. In addition, a special [SEP] token is used to separate different segments within
the sequence. When performing text classification tasks, BERT employs the final hidden
state of the first [CLS] token as the representation of the entire sequence and provides as
an output a vector of the same size (S) as the final hidden state. The underlying BERT
architecture is known as Transformer Vaswani et al. (2017), where attention (this NLP
technique allows the model to give more weight to words that are more relevant to un-
derstanding the context instead of considering each word independently of the others) is
used both forward and backward through the input sequence. This enables the model to
have a complete understanding of the sentence context and use this knowledge to generate
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high-quality representations of words.
The computation of the attention consists of several steps. First, a query matrix (Q),

a key matrix (K) and a value matrix (V) are calculated by multiplying the embedded
input (X) by three matrices trained during the training phase (let them call WQ, WK

and WV ).

W = X ∗ WQ

K = X ∗ WK

V = X ∗ WV

The attention is computed as follows:

Attention(Q,K,V) = softmax(
KQ⊺

√
dk

)V

where dk is the dimension of the key vectors (by default it is 64, and it used to have
a more stable gradient). The attention mechanism has proven to be highly effective in
various domains. In the context of sentiment analysis, the ability to dynamically assign
weights to different parts of the text based on their relevance has shown significant value.
By leveraging the attention mechanism, models can focus on keywords and phrases that
contribute most to the sentiment classification.

The final hidden state (the output of the transformers) of the [CLS] token is used as
input for the final fully-connected classification layer. Let C ∈ RH a vector of size H

containing the final hidden state referring to the above token and let W ∈ RK∗R be a
parameter matrix of the classification layer where K is the number of the labels, then the
probability of each label P is calculated with a softmax function:

P = softmax(CW⊺)

1.1.3. Bert applications

Li et al. (2019) executed comparative performance evaluations of four sentiment anal-
ysis techniques: the unsupervised lexicon-based model SentiWordNet, the supervised ma-
chine learning model logistic regression, the supervised deep learning model LSTM, and
the advanced supervised deep learning model BERT. The study used a publicly available
labelled dataset of 50,000 IMDB movie reviews to conduct sentiment analysis. The re-
sults indicate that the pre-trained BERT model demonstrates undisputed superiority in
sentiment classification, reaching a 92% of accuracy.
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Examples of language model Bert being applied to Italian data are in Pota et al. (2021)
and in (Polignano et al., 2019). The former provides an application for Italian tweets.
As discussed in the article, the classification results are better than other state-of-the-
art models, and it is affirmed that the model built could be easily generalised to other
languages thanks to the pre-processing procedures that are language-independent. The
latter developed a BERT-based language understanding model, named AlBERTo, that
has been trained specifically for the Italian language, with a focus on the language typi-
cally used on social networks, particularly on Twitter. To showcase its effectiveness, they
assessed AlBERTo’s performance on the SENTIPOLC (SENTIment POLarity Classifi-
cation) task of the EVALITA 2016 competition and achieved state-of-the-art results in
detecting subjectivity, polarity, and irony in Italian tweets.

1.1.4. News indices and social phenomena

Within the literature, there exist case studies that explore the relationship between
news sentiment and social phenomena, to investigate potential connections between them.
For example, in Guetto et al. (2023), they merged individual-level data from the nationally-
representative Family and Social Subjects Surveys for 2009 and 2016 with Media Tenor
data on the sentiment of economic news reported by the evening newscast of the Italian
TV channel One. Their analysis shows that fertility behaviour is associated with both the
incidence and tone of news coverage on the state of the economy, particularly a deterio-
ration in the tone of economic news discourages fertility, especially when women begin to
build their own families, namely among young adult without children, while an improve-
ment in the tone of media news fosters individual fertility. Schneider (2015) as mentioned
above, constructed a metric from Lexis Nexis data. This metric has been used to assess
the influence of economic conditions at the regional level on state-level fertility rates prior
to and during the Great Recession. The author found that the adverse economic condi-
tions associated with the Great Recession had a significantly negative effect on fertility.
He observed a reduction in fertility at the state level, which was linked to the economic
conditions of the states during the recession period. It is suggested that these declines
in fertility were caused by both increased economic hardships and heightened economic
uncertainty.

In literature different papers apply sentiment analysis to the news domain but, to the
best of my knowledge, it seems that an application with the BERT language model has
yet to be explored in the context of the Italian press.
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1.2. Data

1.2.1. Database for the Italian newspapers

The indices were constructed using data sourced from Lexis Nexis, a large dataset con-
taining all the European press of the last 20 years. Lexis Nexis is a database structured as
a library containing material regarding news, jurisprudence, and legislation. We extracted
18358800 articles published in both online and printed Italian newspapers between Jan-
uary 2009 and June 2020. These are:: “La Nazione”, “Il Resto del Carlino”, “Il Giorno”,
“La Stampa”, “La Gazzetta dello Sport”, “Corriere della Sera” and “Others”.

The most common newspapers and the number of relative articles are reported in Table
1.1.

Journals Articles Percentage Distribution
La Nazione 6511799 40.37%
Il Resto del Carlino 5805603 36.00%
Il Giorno 2869193 17.78%
Corriere della Sera 1122741 6.97%
La Gazzetta dello Sport 603791 3.75%

Table 1.1: Most frequent newspapers (2009-2020). Percentage distribution of the articles
included. Source: Lexis Nexis Data.

La Nazione is a Florence’s leading daily newspaper, distributed throughout the entire
country; Il Resto del Carlino is an Italian daily newspaper among the oldest still in
existence and the seventh most widely circulated newspaper in Italy; Il Giorno is a daily
newspaper in Milan, together with La Nazione in Florence, Il Resto del Carlino in Bologna
is part of the network that has the name QN Quotidiano Nazionale; Corriere della Sera
is a historic Italian daily newspaper, that is the leading Italian newspaper in terms of
circulation and readership; La Gazzetta dello Sport is an Italian sports daily newspaper,
based in Milan. It is Italy’s sixth-largest daily newspaper by circulation, as well as the
country’s leading sports daily and the longest-running of its kind in Europe.

The number of journalistic articles is not constant over the period of analysis, Figure
1.1 shows their distribution across years.
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Figure 1.1: Number of articles from 2009 to 2020. Source: Lexis Nexis Data.

The greatest journalist coverage occurs in the years 2010, 2011 and 2012, while there is
a lower number of articles in 2020 because the observation period ends in June. In Table
1.2 there is a more detailed view of the number of articles for the years of observation.

Year 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
TotArticles 115133 189239 209716 198332 163370 135040 155916 142932 139036 158374 145916 57097
Percentage 5.82% 9.55% 10.59% 10.01% 8.25% 6.83% 7.88% 7.22% 7.03% 7.99% 7.38% 2.88%

Table 1.2: Number of articles per year from selected newspapers (2009-2020). Percentage
distribution of the articles included. Source: Lexis Nexis Data.

Among the many news items, to construct the previously described indices, it is nec-
essary to clean up the observed news, extracting those related to the economy.

1.3. Analysis and methodological approach

To construct the aforementioned indices, first, I developed guidelines for manually
annotating the data (available in the Appendix A, in Section A.1). Next, I extracted a
sample of articles from the Lexis Nexis database, which were then annotated according
to these guidelines. Finally, the annotated sample was used to train a machine learning
model, the Bidirectional Encoder Representations from Transformers (BERT) (Devlin
et al., 2019), to predict annotations for the full dataset. These guidelines included rules
for distinguishing between economic and non-economic articles, and for classifying the
sentiment of economic articles as negative, positive, or neutral.

The labelling phase was outsourced to an external company, Isahit, which conducted



12 1| Construction of Coverage and Sentiment indices

the task. They assigned a group of articles to various labellers, who applied the labels
based on the guidelines provided in the supplementary material.

The classification tasks involved principally two steps: the first consisted of the pre-
training of a BERT model on Italian text corpora, and the second included the fine-tuning
phase. The pre-training model used is the dbmdz/bert-base-Italian-xxl-cased that has been
trained by the MDZ Digital Library team (dbmdz) at the Bavarian State Library and
made it available on the Hugging Face platform (https://huggingface.co/dbmdz/bert-
base-Italian-xxl-cased). The model has been pre-trained on data that, on one hand,
comprises a recent dump from Wikipedia and a variety of texts obtained from the OPUS
corpora collection (http://opus.nlpl.eu/), resulting in a corpus size of approximately 13
GB and over 2 billion tokens. On the other hand, it is supplemented with data extracted
from the Italian section of the OSCAR corpus (https://traces1.inria.fr/oscar/), resulting
in a final corpus size of around 81 GB and over 13 billion tokens. The cased version of
the data was selected due to its compatibility with the proposed pre-processing method,
making it more suitable for the intended analysis.

The fine-tuning parameters were set as follows: the learning rate 1 was set to 2e-5, the
batch size 2 was set to 15, and the number of epochs 3 was set to 40.

1.3.1. The Economic Coverage Index

To train the classification model to identify economic news, I used a total of 1990 arti-
cles. 1209 did not contain references to the economy, while 781 were related to economic
themes, Figure 1.5 shows a summary of the absolute frequencies of each article category.

1The learning rate is set within an optimization algorithm that dictates the size of the steps taken at
each iteration as the algorithm progresses towards the minimum value of a loss function.

2The batch size refers to the number of samples or data points that are processed at each iteration
(or batch) during the training of a machine learning model. In other words, during each iteration, the
model processes a batch of data points simultaneously, and the batch size determines how many of those
data points are included in the batch.

3The number of epochs is a hyperparameter that determines the number of times a machine learning
algorithm will iterate over the entire training dataset during the training process. In other words, an
epoch is a complete pass through the training data. During each epoch, the algorithm updates the
model’s parameters based on the optimization algorithm and the calculated loss function.

https://huggingface.co/dbmdz/bert-base-Italian-xxl-cased
https://huggingface.co/dbmdz/bert-base-Italian-xxl-cased
http://opus.nlpl.eu/
https://traces1.inria.fr/oscar/
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Figure 1.2: On-Off Topic articles frequencies from 2009 to 2020.

The training set was split into a 75/25 ratio for training and testing purposes. After-
wards, the test set was further divided into a 50/50 ratio to create a validation set and a
final test set. Finally, the training process returned a f1-score4 of 90%, where the f1-score
is computed as:

f1 =
2 ∗ (P ∗R)

P +R

where P is the precision metric calculated as P = truePositive
truePositive+falsePositive

and R is the
recall metric calculated as R = truePositive

truePositive+falseNegative

The performances of the model are reported in Table 1.3. The model demonstrates
strong precision and recall scores for both "Off topic" (0.91 and 0.92) and "On topic"
(0.87 and 0.86) classifications. The overall F1-score is 0.90, indicating a balanced and
reliable performance in distinguishing between economic and non-economic articles.

4The F1 score is a measure of a model’s accuracy in binary classification tasks, which takes into
account both precision and recall. Precision measures the fraction of true positives among the predicted
positives, while recall measures the fraction of true positives among the actual positives. The F1 score
is the harmonic mean of precision and recall, and it ranges from 0 (worst) to 1 (best). It is calculated
as: F1 score = 2 * (precision * recall) / (precision + recall). It is a commonly used metric in machine
learning for evaluating the performance of a classification model.
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precision recall f1-score
Off topic 0.91 0.92 0.92
On Topic 0.87 0.86 0.86
Total 0.90

Table 1.3: On-Off-topic model performances

The first constructed index, the Economic Coverage Index (ECI), follows the Economic
Policy Uncertainty index construction of Baker et al. (2016): first, I counted, for each
month of analysis, the proportion of articles in a given month that the BERT model
classifies as economic. These raw counts are not a precise measure and should be contex-
tualized with respect to the newspaper, time period, and other news written by the same
newspaper during that time. For this purpose, I divided by the total number of articles
in the same newspaper and month: #articles talking about economy

#total articles
; then I standardized each

newspaper time series to unit standard deviation and averaged.
In Figure 1.3 shows a representation of the ECI index for Italy.

Figure 1.3: Economic Coverage Index based on Italian press (2009-2020).

A higher value of the Economic Coverage Index (ECI) indicates an increase in the
amount of economic news articles being published, reflecting a higher level of press at-
tention to economic issues. Conversely, a lower value denotes less press coverage and
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potentially a reduced public focus on economic matters. The index can be interpreted as
an indicator of the press’s emphasis on economic topics, with peaks potentially aligning
with significant economic events (e.g., financial crises). A consistent upward or downward
trend in the ECI may suggest shifts in how economic issues are framed, often in response
to evolving economic conditions.

The ECI exhibits distinct peaks in 2011 and 2020, periods marked by heightened press
attention to the economy, likely driven by events such as the European debt crisis and
the COVID-19 pandemic. As shown in Figure 1.4, these spikes correspond to signifi-
cant economic events that captured media focus. Some real economy indices, such as
GDP, are available only on a quarterly basis. To make a meaningful comparison, the ECI
was aggregated to match this quarterly frequency. However, when compared to tradi-
tional economic indicators, the ECI appears to capture different dynamics of economic
discourse. The ECI reflects certain economic aspects of GDP, the unemployment rate and
the industrial production. The overall trends of the ECI do not fully align with those of
real economy indices, suggesting that the ECI offers a unique perspective on economic
discourse. As a complementary tool to traditional economic indicators, the ECI may
provide valuable insights, especially during periods of significant uncertainty or economic
shocks, such as the aftermath of the 2008 financial crisis and the global pandemic.
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(a) ECI vs Unemployment Rate (b) ECI vs Industrial Production Index

(c) ECI vs Present Consumer Climate (d) ECI vs Future Consumer Climate

(e) ECI vs Confidence Consumer Climate (f) ECI vs Chained GDP

Figure 1.4: Economic Coverage Index (ECI) compared with various real economy indices
from 2009 to 2020. . Real economy indices are sourced from ISTAT.
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1.3.2. The Economic Sentiment Index

The training phase of the Economic Sentiment Index (ESI) involved 2927 articles, 623
negative, 623 neutral and 1680 positive.

Figure 1.5: Sentiment frequencies of economic classified articles (2009-2020).

The hyperparameters were set as in the previous model. The performances of the
model are reported below in table 1.4. The model performs best in identifying "Positive"
articles with a precision and recall of 0.80 and 0.79, respectively, resulting in an F1-score
of 0.80. "Negative" articles show moderate performance with an F1-score of 0.63, while
"Neutral" articles present the lowest performance, with an F1-score of 0.44. The overall
F1-score is 0.69, indicating room for improvement in sentiment classification. It should
be noted that the domain of sentiment analysis in economic news is inherently delicate
and complex, posing challenges even for human classifiers to accurately categorize news
into positive, neutral, and negative sentiments. In fact, I find the same results as Lim
et al. (2020) that dealt with a sentiment analysis of business news headlines, and they
found an accuracy of 66.9% as the best result in their experiment
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Precision Recall F1-score
Negative 0.63 0.63 0.63
Neutral 0.43 0.45 0.44
Positive 0.8 0.79 0.8
Total 0.69

Table 1.4: Sentiment model performance (2009-2020).

The second index, the Economic Sentiment Index (ESI), was built according to the
same approach. However, in this case, I counted, for each month of analysis, the articles
in a given month that the BERT model classifies as positive minus the ones classified as
negative scaled by the sum of the positive plus the negative ones (#pos−#neg)

(#pos+#neg)
. Following

Hiew et al. (2019); Liang et al. (2020)’s approaches, I excluded the neutral ones. Negative
and positive sentiment are both considered in a unique index, but neutral news is excluded
to simplify the index calculation and more effectively highlight variation between positive
and negative sentiments (Guetto et al., 2023; Soo, 2018).

In Figure 1.6 the ESI related to Italian economic articles from January 2009 to June
2020. It reflects the overall sentiment in press coverage of the economy. A higher value
indicates a more positive or optimistic outlook, while a lower value suggests a more neg-
ative sentiment. This index captures how economic news is reported in the press, which
likely influences public perception. These insights into media framing of the economy may
reveal sentiments that are not always reflected in objective economic data.
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Figure 1.6: Economic Sentiment Index (ESI) based on Italian Lexis Nexis Data (2009-
2020).
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Overall, the comparison between the ESI and traditional economic indicators, as well as
its relationship with the ECI, underscores the distinctive role that media sentiment plays
in shaping economic discourse. The inverse relationship between the ESI and ECI, shown
in Figure 1.7, indicates that when the volume of economic news is high, the tone tends to
be more negative, as seen in periods like 2011 and the pre-pandemic years. This suggests
that media outlets may focus more on economic concerns during times of crisis, amplifying
public concerns, while sentiment seems to be more optimistic during periods of lower
coverage. The ESI provides valuable insights into how press reflect and most likely shape
public perceptions of the economy, offering a complementary perspective to traditional
economic measures. The ESI reflects the tone of economic news in ways that often diverge
from traditional economic indicators such as GDP or industrial production. This suggests
that, especially in times of uncertainty, media-driven sentiment can offer a more insightful
perspective, providing a complementary dimension to a more comprehensive economic
analysis.

Figure 1.7: Economic Coverage Index (ECI) and Economic Sentiment Index (ESI) com-
parison (2009-2020).
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(a) ESI vs Unemployment Rate (b) ESI vs Industrial Production Index

(c) ESI vs Present Consumer Climate (d) ESI vs Future Consumer Climate

(e) ESI vs Confidence Consumer Climate (f) ESI vs Chained GDP

Figure 1.8: ESI vs real economy indices (2009-2020). Real economy indices are sourced
from ISTAT.
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When comparing the Economic Sentiment Index (ESI) to traditional economic indi-
cators (Figure 1.8), a noticeable divergence becomes apparent. While these traditional
indicators typically exhibit more stable and gradual trends, the ESI is far more volatile,
especially during periods of economic uncertainty. This volatility highlights how media
sentiment can fluctuate sharply based on economic news and narratives, even when the
underlying economic conditions remain relatively steady. For example, during times of
economic crisis, the ESI often portrays a significantly more negative outlook than what
might be indicated by GDP or industrial production. This suggests that the media am-
plifies concerns and uncertainties, capturing the public’s reaction to economic events in a
way that is not always aligned with the actual economic performance.

The Economic Sentiment Index (ESI) appears to be more closely associated with sub-
jective indicators, such as the consumer confidence and consumer climate, as shown in
the comparison graphs. These indicators reflect perceptions and expectations about the
economy, capturing the public’s mood rather than concrete economic outcomes. On the
other hand, the Economic Coverage Index (ECI) aligns more with objective economic
indicators such as GDP, industrial production, and the unemployment rate.

Overall, the ECI and ESI provide different yet complementary insights into how the
economy is discussed and perceived, offering a more comprehensive understanding of both
the broader economic context and public perceptions. This makes them valuable tools for
the study of people’s economic perceptions and expectations. While traditional objective
indicators often fail to capture how individuals perceive socioeconomic phenomena, media
coverage-based and sentiment-based indices offer the ability to explore the prominence of
economic narratives in the media, which can have a greater influence on behaviour than
objective indicators alone.



2| Press coverage of the economy
and fertility in the United
Kingdom

This chapter explores the relationship between press-based economic indices and aggregate
fertility. Focusing on the UK as a case study, it examines how fluctuations in economic
coverage and sentiment, as captured by the constructed indices, may be associated with
changes in the general fertility rate, providing new insights into the potential influence
of media narratives on fertility. This work was initiated during my visiting period at the
Centre for Population Change at the University of Southampton and written together
with prof. Ann Berrington, prof. Raffaele Guetto, Dr. Jason Hilton and prof. Daniele
Vignoli. I would like to thank the Fertility Team at the Northern Ireland Statistics
and Research Agency (NISRA) for providing monthly birth data from 2000 to 2006 for
Northern Ireland.

2.1. Introduction

In the wake of the Great Recession, the vast majority of European countries experienced
a significant decrease in total fertility rates (TFR), including those with traditionally
high and stable TFRs (Figure B.1). While fertility declines appear to be connected to
the economic downturn of 2008-2009, their persistence cannot be solely attributed to
subsequent economic trends. Even when economic indicators suggested that European
countries were not in recession any more, fertility trends continued to decline. The decline
in European fertility rates cannot be fully explained by ‘traditional’ economic indicators
alone.

Fertility choices are often made under conditions of fundamental uncertainty, as the
decision to have a child entails a range of potential life changes that cannot be fully pre-
dicted. This uncertainty is heightened by economic factors, particularly in recent decades,
where increased globalization, technological change, and labour market deregulation have
contributed to a more volatile and unpredictable economic environment. As a result, eco-

23
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nomic uncertainty has become a significant element influencing fertility decisions. Recent
developments in fertility research have incorporated subjective measures of uncertainty,
including subjective perceptions of the economy in general and of individual economic
situations (Guetto et al., 2021, 2022, 2023; Schneider, 2015; Vignoli et al., 2022).

The Narrative Framework (Vignoli et al., 2020b,a) highlights how ‘narratives of the
future’—personal projections of the future influenced by social environments and rela-
tionships—play a key role in understanding the link between economic uncertainty and
fertility trends in modern Europe. Personal narratives are socially constructed as they are
embedded in existing cultural and institutional frameworks, as well as being influenced
by media narratives. The growing economic uncertainty in modern societies, particu-
larly in the Western world, emphasizes the role of media narratives about the economy
in shaping people’s fertility decisions. This influence may happen due to the media’s
selection of particular topics and their presentation of information from specific perspec-
tives and in certain tones. By examining the association between how the economy is
portrayed in news media and people’s choices regarding their reproductive behaviour, it
is possible to explore the connection between media narratives and fertility (Guetto et al.,
2023; Schneider, 2015). Although the impact of economic news coverage on people’s eco-
nomic perceptions and expectations has been extensively studied (Boydstun et al., 2018;
Brettschneider, 2000; Cepernich, 2012; Damstra et al., 2018; Garz, 2018; McCombs, 2002;
Soroka et al., 2015), their potential influence on fertility rates has not yet been fully
explored.

Recent studies conducted in Italy (Guetto et al., 2022, 2021) have delved into the effects
of COVID-19-induced uncertainty, revealing a cause-and-effect relationship between nar-
ratives concerning the pandemic and individuals’ union and fertility intentions. Vignoli
et al. (2022) found a causal impact of economic narratives on individuals’ intentions re-
garding fertility. In a separate study, Comolli et al. (2021) found that increased perceived
economic uncertainty led to a decrease in birth rates. Although these studies indicate
the potential impact of media on fertility behaviours, they have not specifically examined
their direct effect. Schneider (2015) and Guetto et al. (2023) have examined the associa-
tion between economic news coverage and fertility in the US and Italy, respectively. Their
analysis shows that fertility behaviour is associated with both the incidence and tone of
news coverage on the state of the economy. In particular, a deterioration in the tone of
economic news discourages fertility, especially among young women without children. In
contrast, an increase in individual fertility follows an improvement in the tone of media
news.

On this backdrop, this study contributes to the body of research exploring the rela-
tionship between media narratives about the economy and fertility trends, with a specific



2| Press coverage of the economy and fertility in the United Kingdom 25

focus on the UK context. The UK presents a particularly interesting case for such a study
due to its recent history of economic and political events, such as the aftermath of the
Great Recession and the uncertainties surrounding Brexit. These events have heightened
economic uncertainty, (Bloom et al., 2018; Caporale et al., 2018) which is likely to be re-
flected in both media coverage and sentiment of economic news. Moreover, while the UK
historically had higher fertility rates compared to Southern European countries, its TFR
began to decline after the Great Recession, making it an important context for studying
the association between economic narratives and fertility. The UK’s media landscape
provides a rich environment for exploring how different economic narratives might shape
fertility decisions (Kitzinger, 2008; Vignoli et al., 2020a,b).

This chapter examines the extent to which economic media coverage is associated with
fertility trends in the UK and to explore whether this association varies based on the
tone of the economic news. By addressing these questions, this work seeks to provide a
deeper understanding of how media representations of economic conditions may influence
demographic behaviours in the UK. The paper is organized as follows. First, the theoret-
ical background is presented, covering general explanations for fertility trends, along with
the objective economic and welfare conditions in the UK, and discussing the relationship
between media coverage and fertility. Then, the data and methods used in the analysis
are described. The results are presented in the subsequent section, followed by a final
section that concludes with a discussion of the findings and their implications.

2.2. Theoretical Background

2.2.1. Traditional explanation of fertility trends: objective econ-

omy and welfare

Traditional explanations of low fertility developed in the second half of the 20th Century
rely on the New Home Economic, NHE (Baker et al., 2016) and the Second Demographic
Transition, SDT (Lesthaeghe, 2011; Van de Kaa, 1987). According to the NHE, fertility
decisions are regarded as the expected utility derived from the trade-off between paid work
and childbearing – as more women enter the labour force, this trade-off shifts, leading
to a decline in fertility. The SDT, instead, advances self-actualization and consump-
tion/leisure aspirations as possible causes of fertility postponements, ultimately leading
to the renunciation of fertility. The NHE and the SDT have often been used to argue that
the increase in women’s education and employment anticipated fertility decline in Western
countries during the second half of the twentieth century (Guetto et al., 2015). Perspec-
tives on low fertility developed in the XXI Century tend to focus on gender aspects. The
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Multiple Equilibria framework (Esping-Andersen & Billari, 2015) and the theory of the
Gender revolution (Goldscheider et al., 2015) support gender relations as drivers of demo-
graphic change. According to these approaches, fertility rates would increase when gender
relations outside and within the couple are more equal. The contemporary, relatively ho-
mogeneous, drop in fertility trends presents significant challenges to these perspectives
as societal levels of gender equality seem to lack explanatory power (Kolk, 2019). It is
noteworthy that these approaches do not assign any relevant role to rising uncertainty,
except for the New Home Economy where one can only indirectly assume that it may
matter (Vignoli et al., 2020b). To gain a more comprehensive understanding of the recent
fertility trends, it is crucial to also consider how economic uncertainty is perceived by in-
dividuals. The Narrative Framework offers a valuable lens through which to explore this,
by emphasizing that people construct their own narratives about the future—narratives
that are deeply embedded in social contexts, media and shaped by their interactions. By
focusing on these narratives, it is possible to better understand how economic uncertainty
influences fertility decisions, providing new insights into the underlying factors driving
current demographic changes.

High fertility rates were usually associated with favourable economic conditions, Örsal
& Goldstein (2010) analysing short-term changes in aggregate fertility and economic mea-
sures in OECD countries from 1976 to 2008, found evidence of procyclical fluctuations in
fertility, indicating that higher fertility was associated with better economic conditions.
This aligns with the historical trend in the UK, where economic prosperity before the
crisis coincided with higher birth rates. However, as evidenced by subsequent data, the
economic downturn following the Great Recession drastically altered this pattern, leading
to declining economic activity, falling GDP, and adverse labour market trends (Bell &
Blanchflower, 2010; Coulter, 2016; Mazurek, 2016; Millard, 2015). This highlights the
limitation of relying solely on economic indicators to understand fertility decisions. Eco-
nomic indicators provide a broad, objective view of the overall economy, but they do not
account for the individual perceptions that drive personal decision-making (Vignoli et al.,
2020a,b).

The unemployment rate in the UK, particularly affecting the young, was a significant
issue during the crisis (Bell & Blanchflower, 2010). For many young adults, the uncer-
tainty of securing stable employment made the prospect of starting or expanding a family
less feasible. Looking ahead, the primary concern was the lack of jobs post-recovery, which
further perpetuated this uncertainty. Labour hoarding1, where firms chose to freeze or

1Labour hoarding refers to the practice by companies of retaining employees during periods of economic
slowdown or reduced demand, rather than laying them off. This approach aims to avoid the costs
associated with rehiring and retraining new workers when the economy recovers. In practice, firms may
reduce working hours or temporarily halt operations while keeping workers on staff to preserve their skills
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cut pay, reduce hours, and implement hiring freezes instead of laying off workers (Bell &
Blanchflower, 2010), prevented unemployment from rising as much as initially expected
during the crisis, but the unemployment rate still peaked in 2011. This precarious labour
market, marked by insecure employment and limited wage growth, could have created
an environment where young people, who are typically in their prime childbearing years,
could be hesitant to take on the financial and emotional commitments associated with
raising children. Although GDP growth showed signs of recovery post-recession, wage
growth remained sluggish, and real earnings stagnated (Green & Lavery, 2015). This
stagnation meant that disposable income for many households did not increase in line
with the cost of living, creating additional financial strain. This economic environment
likely played a significant role in fertility decisions, as potential parents may have felt fi-
nancially unprepared to support additional children. Moreover, inflation rates fluctuated,
with periods of high inflation reducing purchasing power and increasing the cost of living.
This further could have deterred fertility, as families faced higher costs for raising chil-
dren. The reluctance to have children under such conditions highlights the importance of
understanding not only the objective economic indicators, but also how these indicators
translate into perceived economic insecurity among potential parents.

One of the most important challenges that families face is taking care of their children,
which is why childcare has received particular attention from the media and research. Al-
though some families have no childcare expenses due to informal assistance from extended
family or not requiring childcare based on their employment situation, it remains one of
the biggest costs associated with becoming a parent. Moreover, as children grow older,
costs related to their needs, such as food and clothing, tend to rise (Stone & Padley, 2023).
Although the UK has provided significant support to families with children—particularly
those with lower incomes—through a mix of universal and means-tested benefits, these
measures have not fully compensated for the rising costs of raising children. As reported
in Vitali (2021), various forms of economic support are in place, such as means-tested
parental leave for both mothers and fathers, though not in equal measure, with the op-
tion of shared parental leave. Other forms of assistance include the Sure Start Maternity
Grant (or the Pregnancy and Baby Payment in Scotland) for first-time parents, child
benefits that decrease with each additional child, and child tax credits. Additionally,
Universal Credit, which has been gradually introduced, is expected to fully replace sev-
eral existing tax credits and family support measures by 2024, consolidating them into a
single framework. Since 2017, families can also access support for childcare costs through
the “30 hours free childcare” and “tax-free childcare” schemes. However, even with the
highest levels of subsidies, not all working mothers choose to use formal childcare. This

and experience.
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implies that many families still prefer to rely on care provided by family members or
relatives, even when formal childcare is made more affordable. On the contrary higher
childcare costs significantly decrease the likelihood that mothers will work and use formal
childcare services (Viitanen, 2005).These rising costs, coupled with changes in economic
policies, have likely contributed to an increase in perceived economic uncertainty among
families, influencing their decisions about childbearing. Since 2008, these measures have
been affected by reductions related to an attempt to reduce the increased public spending
after the 2008 financial crisis. An important change to be aware of is the introduction
of the two-child limit to child tax credit payments (paid to those on low incomes, typ-
ically under £19,995 per year). Child tax credits can be worth £3,455 per child. The
new regulations stated that from April 2017 no child after the second born to low income
families would be eligible for the tax credit (Child Poverty Action Group, 2023). This
policy change was part of the benefit cut program of the Conservative government. It
was introduced in April 2017 but announced in 2015. This is significant because it may
have influenced people’s planned third birth. One of the objectives was to influence the
fertility decisions of parents in (or at risk of) poverty. This measure affected around 1
million children and has been widely debated since it is considered a measure that harms
all members of affected families, who must all struggle to get by with significantly less
than they need (Child Poverty Action Group, 2023). As for fertility, research suggests
that the two-child limit had minimal influence on third and subsequent births in England
and Wales (Reader et al., 2022). These changes have likely raised uncertainty, as families
facing reduced benefits and rising living costs may feel less confident to have children. In
fact, the two child-limit is highlighted as a catalyst for poverty, exacerbating financial and
associated hardships for affected families (Patrick & Andersen, 2023). The policy’s im-
pact extends beyond immediate financial strain, as it also likely contributes to a broader
sense of insecurity regarding future economic stability, which could discourage families
from expanding. The welfare system also includes measures to ensure housing affordabil-
ity that can be defined as “housing for sale or rent, for those whose needs are not met by
the market.” From 2000 to 2007, UK house prices surged from approximately £84,620 to
£190,032, a 124% increase over seven years. The Great Recession in 2008 caused prices
to drop sharply from a peak of £185,782 to about £160,954 by December 2008, a 13%
decline. Prices began to recover after 2009, reaching around £168,082 by December 2009
and steadily rising to approximately £231,792 by December 2019, marking a 38% increase
over the decade.

The social housing, traditionally, was where low-income couples would have started
their families, but now they are being forced into poor-quality private rents in which
households have historically faced housing uncertainty and consequently, they have had
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lower fertility than owner-occupiers (Tocchioni et al., 2021). As argued in (Berrington &
Stone, 2017), families living in social housing and receiving high levels of family allowance
seem to be associated with higher order births. In all, changes in economic conditions,
welfare policies, and housing are important factors affecting fertility in the UK.

To fully understand the impact of these changes, I suggest another element that might
be worth considering – namely, the role of media narratives of the economy. By analysing
media narratives, I can gain more reliable measures of perceived economic uncertainty,
which may provide deeper insights into how media-conveyed narratives on the economy
may be associated with fertility trends.

2.2.2. Media coverage of the economy and fertility

Media represent the main source of information regarding economic issues for most in-
dividuals, (Joris et al., 2014, 2018) they play a significant role in shaping perceptions of the
economic climate in Europe and act as a crucial mediator for information about national
economic conditions (Damstra & Boukes, 2021). For instance, the increasing availabil-
ity of media data has fuelled academic interest in investigating the relationship between
economic media coverage (especially in the news) and perceptions about the current and
future economic situation. Brettschneider (2000) demonstrated that the proportion of
Germans indicating unemployment as the most important problem in the country was
more strongly correlated with the economic coverage on television than with the actual
unemployment rate. Similarly, Garz (2012) found a correlation between the media cov-
erage of labour market policies in press and television and the perceived job insecurity of
German citizens and more recently showed that households’ economic perceptions wors-
ened together with the increase in unemployment-related terms reported by 35 German
newspapers (Garz, 2018). Uhl (2012) found an association between the sentiment of eco-
nomic television news and the consumption habits of U.S. citizens and Boydstun et al.
(2018) further argued that the tone of U.S. newspapers’coverage of the economy has a
direct and independent effect on economic attitudes, suggesting that media coverage can
deviate significantly from economic reality.

With the Great Recession and the Euro crisis, public discussions predominantly re-
volved around the economic state of affairs. Newspapers and weekly magazines portrayed
the crisis as a menacing “evil” that threatened European countries, thereby presenting
a simplified perspective on the economic situation and painting a negative portrayal of
the European economy (Cepernich, 2012) These negative headlines had a significant im-
pact on shaping the public’s perception of the economic situation, leading to a context
where people’s opinions acted as self-fulfilling prophecies, as individuals tend to align their
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behaviour with their beliefs (McCombs, 2002).
While there have been some studies examining the impact of economic news on fer-

tility decisions, this area of research remains relatively underexplored (except for Guetto
et al. (2023); Schneider (2015)). Most fertility studies have concentrated on the effects
of mass media dissemination, such as the spread of public health messages, or the por-
trayal of family norms through media outlets. For instance, Hornik & McAnany (2001)
demonstrated that the prevalence of televisions in a country was strongly correlated with
fertility rates across a large sample of nations, explaining a substantial portion of the
variance in total fertility rates. Similarly, research by Westoff et al. (1997) in several sub-
Saharan African countries revealed that exposure to radio, television, and print media
significantly increased contraceptive use among married women and led to a decrease in
the desired number of children. Jensen & Oster (2009) observed that the introduction
of cable television in India had a positive effect on women’s autonomy and education,
while simultaneously reducing fertility rates. In sub-Saharan Africa, Billari et al. (2020)
found that the spread of mobile phones was associated with smaller family ideals, further
highlighting the role of media in shaping fertility preferences. Additionally, La Ferrara
et al. (2012) linked the broadcast of Brazilian soap operas, which typically feature small
families, with a reduction in fertility in areas where the Globo channel was available. An
interesting point is a review by Basten (2010) noted a scarcity of studies examining the
relationship between mass media and fertility in Western contexts. One notable excep-
tion is the study by Kearney & Levine (2015), which suggested that the MTV show “16
and Pregnant” contributed to a significant decline in teenage pregnancies in the United
States, even if the validity of the results remain uncertain (Jaeger et al., 2020; Kahn-Lang
& Lang, 2020). These studies suggest the potential role of the media in shaping fertility
behaviours; however, to the best of my knowledge, only Guetto et al. (2023); Schneider
(2015) have provided empirical evidence supporting this connection. For this reason, the
objective of my paper is to continue this line of research by expanding my study to the
UK, a country that has traditionally experienced high birth rates and strong economic
indicators.

However, in recent years, the TFR has been declining, making it particularly valuable
to investigate the role of media narratives in shaping fertility decisions. In this context,
I draw on the Narrative Framework (Vignoli et al., 2020a,b) to argue that the way the
economy is portrayed by the media can affect fertility decisions through the volume of
economic coverage and the tone of economic coverage. Higher volumes of economic news,
especially during times of crisis, may intensify perceptions of uncertainty. On the other
hand, the tone of coverage—whether predominantly negative or positive—may shape
perceptions about future economic conditions.
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Based on this analytical framework and the empirical findings from previous studies,
following the results obtained by Guetto et al. (2023); Schneider (2015), I hypothesize
that there is a significant association between the volume of economic media coverage and
fertility trends, with increased media coverage of economic issues expected to correlate
with a decline in fertility rates. Additionally, following Guetto et al. (2023), I hypothesize
that the tone of economic news plays a critical role in shaping these trends. Specifically,
a more negative tone in economic news is expected to be associated with a decline in
fertility rates, particularly in the period following the Great Recession.

2.3. Data and Methods

2.3.1. Database of news articles

UK data provided by LexisNexis offers a diverse array of news originating from mul-
tiple sources and media types, including national newspapers, local newspapers, online
newspapers, and news agencies. This work uses 18 million national newspapers’ articles
with the largest circulation from 2000 to 2019 (based on the ABC metrics) in the UK,
printed and online, to create an index that measures the volume of the monthly economic
news coverage and another index that assesses the sentiment of this news. To construct
these indices, I did not consider articles of little interest to non-specialists (e.g. market
or regulatory information). Such articles do not have a wide readership and are unlikely
to affect fertility-making decisions. Furthermore, I did not consider local newspapers,
since the coverage is not uniformly distributed across the entire territory of the United
Kingdom. For these reasons, I removed news agencies and local newspapers from the
analysis. The newspapers articles featuring in the indices’ construction are those with the
largest circulation during either 2000 or 2019: The Mail, The Mirror, The Sunday Mirror,
The Observer, The Guardian, The Sunday Express, The Daily Express, The Daily Star
Online, The Express Online, The Guardian Online, The Mail Online, The Mirror Online,
The Post Online and The Telegraph Online.

2.3.2. The construction of press-based indices

To construct the aforementioned indices, I followed the approach shown in Chapter
1. In this specific case, the classification tasks involved principally two steps: the first
consisted of the pre-training of a BERT model on English text corpora and the second
included the fine-tuning phase. The pre-training model used is bert-base-cased, which
has been trained on BookCorpus, a dataset consisting of 11,038 unpublished books and
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English Wikipedia (excluding lists, tables, and headers). It has been made available on
the Hugging Face platform, a resource for sharing machine learning models. Furthermore,
after constructing the ECI and ESI indices for the UK, I weighted these indices using
circulation figures obtained from the Audit Bureau of Circulations Limited (ABC) website
to take into account the size of the audience that is potentially exposed to certain news.

2.3.3. Overview and description of the Indices

Economic Coverage and Economic Sentiment in the UK

Figure 2.1 shows the ECI and the ESI for the UK from January 2000 to December
2019. They offer a comprehensive view of the volume and tone of economic news in the
UK from 2000 to 2019.

Figure 2.1: Economic Coverage Index (ECI) and Economic Sentiment Index (ESI) for the
UK from 2000 to 2019.

In the Early 2000s, after the Dot-com Bubble, the UK witnessed a period of economic
stability. In these years the ECI remains stable, indicating a moderate level of media at-
tention on economic issues. However, the ESI shows a significant drop in 2001 (September
2001), likely reflecting the press concerns over the tech sector’s collapse and uncertainties
surrounding the 9/11 attacks. While the ECI does not display extreme peaks, the ESI
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captures a more noticeable negative sentiment. During the 2007-2008 financial crisis, the
ECI sees a dramatic rise, peaking in October 2008, marking the highest media focus on
economic issues. Simultaneously, the ESI drops significantly, highlighting overwhelmingly
negative sentiment. This period coincides with the collapse of major financial institutions
and government bailouts, as reflected by the high ECI and low ESI, which illustrate the
intense press attention and pervasive pessimism during the economic downturn. Follow-
ing the crisis, the ECI gradually declines as the press attention subsides. However, the
ESI remains negative until mid-2009, reflecting ongoing concerns about the slow economic
recovery, high unemployment, and government austerity measures. By 2010, there is a
slight improvement in sentiment (November 2010), corresponding to early signs of GDP
growth and stabilization in the housing market. As the Brexit referendum approaches in
2016, the ECI shows an increase, reflecting media focus on economic issues tied to political
uncertainty and the Eurozone crisis. The ESI fluctuates between moderately positive and
negative sentiment, indicating a divided media narrative. During the Brexit referendum
and subsequent negotiations, the ECI remains elevated, while the ESI dips into negative
territory, signalling economic uncertainty surrounding the UK’s future. In addition to
constructing the indices, I conducted a topic modelling analysis—using Latent Dirichlet
Allocation (LDA) (Blei et al., 2003), a generative probabilistic model for collections of
text data, such as news articles. Topic modelling allows us to identify hidden thematic
structures within large text corpora. Specifically, LDA assumes that each document (or
article) is a mixture of topics, and each topic is a mixture of words, where the probabil-
ities of certain words occurring in a document reflect the underlying topics it addresses.
This hierarchical Bayesian model captures the distribution of words and topics in the
collection, providing a way to discover latent themes in both positive and negative news
coverage, comparing the pre- and post-Great Recession periods (Table B.2).

Press Indices and objective economy

Figure 2.2, Figure 2.3 and Figure 2.4 show the comparison of the press indices and the
objective indicators I used in the analysis. The ECI and the ESI are highly responsive
to fluctuations in key economic indicators such as earnings, unemployment, and the Con-
sumer Price Index (CPI). During periods of earnings stagnation, such as the 2008 financial
crisis, newspapers significantly increase their economic coverage (ECI spikes), highlight-
ing the challenges faced by workers and the broader economic downturn. Conversely, in
times of earnings recovery, the press tends to moderate its coverage (ECI declines) as
wage growth resumes. Similarly, changes in the unemployment rate cause strong reac-
tions from newspapers; a sharp rise in unemployment leads to a rise in economic news
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(ECI spikes) and a drop in sentiment (ESI turns negative), as the press emphasizes job
losses and economic vulnerability. During the post-crisis recovery, even as unemployment
rates gradually decrease, newspapers maintain a relatively high level of economic cov-
erage (ECI remains elevated) to monitor ongoing labour market conditions. Regarding
inflation (CPI), newspapers respond to significant increases by intensifying their economic
reporting (ECI surges) and adopting a negative tone in their sentiment (ESI declines),
highlighting the impact of rising prices on consumers and businesses. As inflation sta-
bilizes in the recovery phase, press coverage decreases (ECI declines). After the Great
Recession, although the objective indicators show a recovery of the economic situation, the
sentiment fluctuates, likely reflecting the ongoing concerns about future stability. Overall,
the newspapers act as mirrors of economic context, with ECI and ESI serving as indices of
how economic narratives are constructed and could be perceived in response to economic
shifts. In addition to analysing the overall economic coverage and sentiment indices, I
examined the balance between positive and negative news in UK newspapers over time.
To do so, I standardized the number of positive and negative articles for each newspaper,
calculated their respective averages, and then subtracted the negative from the positive
counts to create a balance measure. The resulting series is shown in Figure 2.5. Notably,
during the post-crisis period, there is a clear increase in the prevalence of negative news
stories, particularly between 2008 and 2009, reflecting heightened economic uncertainty
and public pessimism. This negative sentiment gradually diminished after 2010, although
spikes in negative reporting coincided with significant events such as Brexit and the onset
of the COVID-19 pandemic. The balance measure indicates that while negative news
surged during crises, there was no equivalent spike in positive coverage during periods of
recovery, suggesting an asymmetry in how the media reports economic developments.
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Figure 2.2: Economic Coverage Index (ECI) and Economic Sentiment Index (ESI) vs
Earnings in the UK from 2000 to 2019. Earnings data sourced from ONS.
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Figure 2.3: Economic Coverage Index (ECI) and Economic Sentiment Index (ESI) vs
Unemployment Rate in the UK from 2000 to 2019. Unemployment data sourced from
ONS.
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Figure 2.4: Economic Coverage Index (ECI) and Economic Sentiment Index (ESI) vs
Consumer Price Index (CPI) in the UK from 2000 to 2019. CPI data sourced from ONS.
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Figure 2.5: The average of the standardized sentiment balance between positive and
negative economic news articles in the UK from 2000 to 2019.

2.3.4. Analytic approach

I employed a time series approach to examine the dynamic interactions between vari-
ables. This method not only allows us to observe how variables evolve over time but
also helps distinguish between short-term fluctuations and long-term trends, enabling the
detection of both immediate and delayed effects. Additionally, it accounts for seasonal-
ity, trends, and potential external shocks, offering a more nuanced understanding of the
temporal relationships within the data.

Dependent Variable

Our outcome variable is the monthly general fertility. Monthly births are taken from
the different national statistical agencies: ONS, (England and Wales), NRS (Scotland)
and NISRA (Northern Ireland). The denominator was retrieved from the ONS site in the
dataset “Mid-2001 to mid-2020 detailed time series edition of this dataset”. The monthly
GFR of the UK from 2000 to 2019 is reported in Figure 2.6.
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Figure 2.6: General Fertility Rate (GFR) in the United Kingdom, 2000-2019. Data
sourced from ONS, NRS, and NISRA.

The GFR is a non-stationary time series, since mean and variance are not constant
over time. It presents a seasonal pattern where, on average, the months with the highest
number of births occur from July to October (for further details see the ONS report
for England and Wales (ONS, 2015). During the 2000s, the UK experienced a general
increase in fertility until 2010 followed by a significant decline after the Great Recession.
The decline accelerated in 2020 due to a decrease in conceptions occurring in the initial
stages of the Covid-19 pandemic (Berrington et al., 2023). After the decline in 2010, there
was a slight recovery in 2012 with a slight increase from the previous year. At this peak,
fertility experienced a minor rise to 1.94 children per woman, while the average age of
mothers saw a marginal increase to 29.8 years compared to the previous year However,
the TFR later decreased to 1.58 children per woman, reaching a record low in 2020, with
declines observed across all age groups.

Key independent variables

To construct the press-based indices of economic news, I needed to classify the news-
papers‘articles. For this reason, I trained 2 Natural language processing models with the
language model BERT: the former model discriminates between articles talking about the
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economy and articles that do not, and the latter assigns a sentiment to the economic news.
The BERT model for the ECI was trained with 2000 newspapers’abstracts, of which 1385
did not refer to the economy and 615 were related to economic themes. The training set
was split into a 75/25 ratio for training and testing purposes. Afterwards, the test set was
further divided into a 50/50 ratio to create a validation set and a final test set. Finally,
the training process returned a f1-score of 84% (for further details, see Dalianis (2018)).
The table below (Table 2.1) gives the precision, and f1 scores of the BERT models for
the final. The economic news classification model performs reasonably well in differenti-
ating economic from non-economic news. The BERT model for the ESI was trained with
5476 newspapers’ economic abstracts, of which 1938 had a negative sentiment, 1390 were
neutral and 2148 had a positive sentiment. As in Chapter 1, the sentiment model seems
to have a low accuracy most probably due to the domain of application. Nevertheless, I
attempted out-of-sample classification, and the model appears to meet my expectations.

Model Class Precision Recall F1-Score

BERT model for classifying economic news
OffTopic 0.84 0.94 0.89
OnTopic 0.84 0.65 0.73
Total 0.84

BERT model for classifying economic news sentiment

Negative 0.78 0.79 0.79
Neutral 0.35 0.38 0.36
Positive 0.72 0.68 0.70
Total 0.66

Table 2.1: Performance metrics of the BERT models for classifying economic news and
sentiment.

To have meaningful indices in terms of salience, I decided to weight more newspa-
pers’articles that have a higher probability of being read and to penalize those that do
not. For this reason, I built a system of weighting the indices using the ABC metrics
(ABC releases data for the UK media industry to use when trading print, digital, and
event advertising).The weights “w” are calculated as follows: For each month, I sum the
chosen metrics of each newspaper, “twm” (Average per issue in the case of ABC printed
newspapers, the monthly average of unique users in the case of ABC online newspapers.
For example, assuming I have 3 newspapers: a, b and c with 30, 40 and 30 as metrics in
January 2003 (this means that in the Database I could have also more newspapers but in
January 2003, I have only articles from three newspapers). The value of “twm” (the sum
of the metrics in January 2003) is 100 (30+40+30). The weights of newspapers a, b and c
(wa, wb and wc) will be 30/100, 40/100 and 30/100, respectively. These weights related
to printed and online articles are calculated separately. This means that the metrics are
calibrated according to which newspaper is present in that particular month. Data for
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printed newspapers is available for the entire period under consideration, while for online
newspapers, data is only available until 2017. It is assumed that for the remaining period,
the values for online newspapers remain constant, assuming the same value as the last
available months.

Control variables

The model includes covariates related to macroeconomic indicators commonly used
in fertility research (Comolli, 2017; Matysiak et al., 2021; Sobotka et al., 2011), which
I accounted for, and the constructed media indices from 2000 to 2020: the seasonally
adjusted unemployment rate 2; the average weekly earnings 3 in Great Britain; the measure
of the monthly consumer price inflation 4 including owner occupiers’ housing costs; the
weighted monthly series of press economic coverage; the weighted monthly series of the
sentiment related to economic news. Since individuals require time to comprehend the
underlying phenomena and make decisions and due to the nine-month gestation period, I
lagged the covariates. The selected independent variables were lagged by 12 months, the
lag was chosen based on the Bayesian Information Criterion (BIC), which aligns with the
choice made by Schneider (2015) in his analysis. Then, through the “auto.ARDL” function
(from the “ARDL” library on the R software), I let the function choose the number of the
distributed lags of the variables till a maximum of 6.

Model

The Auto Regressive Distributed Lag (ARDL) model is an econometric model used
to analyse long-term relationships between variables. This model is particularly useful
when examining the long-run dynamics among nonstationary variables. In the ARDL
model, dependent variables are explained by their own past values (autoregressive) and
by distributed lags of independent variables. This enables capturing the lagged effects of
independent variables on dependent variables over time. ARDL is commonly employed in
time-series analysis and in studying relationships among macroeconomic variables, such
as the relationship between inflation and economic growth. It is a flexible and powerful
method for examining long-term dynamics among variables, even in the presence of non-
stationarity and hysteresis. The equation of the ARDL model “remains a valid regression
model if yt and some of or all the variables xt are cointegrated, that is when yt and xt are

2measures the percentage of the workforce that is unemployed and actively seeking employment,
adjusted to account for seasonal variations

3represents the average gross earnings per week for full-time employees
4measures the rate of inflation by calculating price changes in a basket of goods and services consumed

by households, including costs related to housing for property owners
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individually integrated of order 1, I(1), but there exists a linear combination among them
such that the error term is integrated of order 0, I(0)” (Kripfganz & Schneider, 2023, 987).
To check for cointegration I used the bound tests: either the F-test and T-test indicates
the presence of a cointegrating relationship between the variables. Moreover, I also used
the Johansen test and the Engle and Granger 2-step approach and all of these confirm the
presence of cointegration. In ARDL models, I can distinguish between short-run effects
and long-run effects of the covariates on the dependent variable. The short-term effects
(∂xj,t

∂yt
= bj,0, j ∈ {1, . . . , k}) capture immediate changes in the dependent variable in

response to explanatory variables, while long-term effects (∂y
θj
t+∞
∂yt

= θj =
∑qj

l=0 bj,l
(1−

∑p
i=1 by,i)

, j ∈
{1, . . . , k}) represent cumulative variations over time, reflecting the impact of explanatory
variables on the dependent variable in the long run. In my case, the short-term effects
will manifest 12 months after the lagged measurement. The same happens with the
long-term effects, where the cumulative variations over time will also start after 1 year.
Given the strong seasonality pattern observed in the GFR, I incorporated period dummy
variables to adjust for it. Additionally, I included the variable “Crisis” to capture the
period effects before and after the Great Recession. This variable takes a value of 0 before
2009 and 1 after 2009. I utilized this dummy variable to interact with my indices and
examine any changes after the Great Recession. By including interaction terms between
the "Crisis" variable and the indices, I am able to examine whether the relationship
between newspaper-based indices and GFR differs between the two periods. I investigate
the relationship between my indices and GFR, controlling for macroeconomic indicators
and several dummy variables to adjust for the seasonal pattern of GFR and one to account
for the recession period. The estimated model can be represented as follows: GFR = α+

Lag (GFR, 1)+Lag (GFR, 2)+Coverage+Sentiment+Coverage∗Crisis+Sentiment∗
Crisis+ feb+ . . .+ dec+ Crisis+ Earnings+ ConsPriceIndex+ UnemplRate.

To ensure the robustness of the results, several checks performed to assess the sen-
sitivity of my findings to alternative model specifications and control variables. These
analyses, which include alternative lag structures and adjustments for contextual factors
such as Brexit and government changes, are discussed in more detail in Section 2.4.4.
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2.4. Results

2.4.1. Relationship Between Press Indices and GFR: ARDL Re-

sults

In this section, I show the ARDL model estimation results. In Table 2.2 displays
the short-term effects, while Table 2.3 presents the long-term effects of the explanatory
variables on the general fertility rate (GFR). Finally, Table B.1 provides the results of the
full model.

Term Estimate t value Pr(>|t|)
(Intercept) 0.37 0.74 0.46
Economic Coverage -0.05 -0.84 0.40
Economic Sentiment -0.08 -1.91 0.06
Economic Coverage*Crisis 0.12 1.99 0.06
Economic Sentiment*Crisis 0.13 2.71 0.01 ∗∗

Table 2.2: Short-term estimation results of the ARDL model examining the relationship
between press indices and the General Fertility Rate (GFR). The coefficients represent
the short-term associations between changes in press indices (Economic Coverage and
Economic Sentiment) and the GFR, with interactions for periods of economic crisis. Sig-
nificance at the 5% level is indicated by ∗∗.

Term Estimate t value Pr(>|t|)
(Intercept) 1.54 0.74 0.46

Economic Coverage -0.20 -0.81 0.42
Economic Sentiment 0.53 2.45 0.02 ∗

Economic Coverage*Crisis 0.51 1.78 0.08
Economic Sentiment*Crisis 0.45 3.51 0.00 ∗∗∗

Table 2.3: Long-term estimation results of the ARDL model examining the relationship
between press indices and the General Fertility Rate (GFR). The coefficients represent
the long-term associations between changes in press indices (Economic Coverage and
Economic Sentiment) and the GFR, with interactions for periods of economic crisis. Sig-
nificance at the 10% level is indicated by ∗, at the 5% level by ∗∗, and at the 1% level by
∗∗∗.
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2.4.2. Volume of Economic Media Coverage and Fertility Trends

Our first research question whether there is an association between the volume of
economic media coverage and fertility trends in the UK, and my first hypothesis posits
that increased media coverage of economic issues correlates with a decline in fertility rates.

In the period before the Great Recession, the results show no statistically significant
associations between media coverage and aggregate fertility. As seen in both the short-
term (Table 2.2) and long-term (Table 2.3) results, the coverage coefficient has the p-value
greater than 0.05, indicating that during this time, fluctuations in the volume of economic
news do not appear to be linked with changes in aggregate fertility. In other words, the
level of newspapers’attention to economic matters did not show a strong relationship with
fertility rates during the pre-crisis period.

However, the situation shifts immediately after the Great Recession (2008-2010). The
results indicate a significant association between media coverage and fertility post-crisis,
as the interaction between the crisis and media coverage becomes statistically significant.
In the short-term results (Table 2.2), the interaction term (Coverage*Crisis) has a coef-
ficient of 0.1238, while the main effect of media coverage remains non-significant. This
suggests that while the main effect of media coverage is not significantly associated with
fertility, the total effect (main effect + interaction term) of coverage after the crisis period
is significant. The total effect of coverage after the crisis in the short-term is calculated
as -0.0481 + 0.1238 = 0.0757, indicating that an increase/decrease in economic coverage
after the crisis period is associated with an increase/decline of 0.075 in aggregate fertility.
A similar pattern is observed in the long-term results (Table 2.3), where the main effect
of coverage is -0.1996 and the interaction term is 0.5134. The total effect after the crisis
in the long-term is 0.3138, reinforcing the association between the coverage and fertility
in the post crisis period. After the crisis period, the coverage increased sharply, reflect-
ing the newspapers’heightened attention. Notably, the GFR continued to rise, despite
the economic downturn, suggesting that the increase in media coverage may have had a
delayed effect on fertility choices at the time. This observation challenges my initial hy-
pothesis. While the hypothesis anticipated a negative correlation between media coverage
and fertility (i.e., more coverage of economic uncertainty leading to a decline in fertility),
the data reveals that coverage was positively aligned with fertility trends after the crisis.
After the immediate post-crisis period (2011-2019), I observe a gradual decline in both
the Coverage and GFR. However, key events such as Brexit led to temporary spikes in
media coverage, which may have heightened public concern, potentially contributing to
fluctuations in fertility rates during these periods. To summarise, while there was no
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significant association between media coverage and fertility before the Great Recession,
the post-crisis period reveals a notable alignment between economic coverage and fertility
trends. As seen from the figures, both media coverage and fertility rates decline in the
post-crisis period, indicating a parallel trend.

2.4.3. Association Between Economic Sentiment and Fertility

Trends

Our second research question explores whether the tone of economic media coverage,
as captured by the Economic Sentiment Index, is associated with fertility trends in the
UK. The second hypothesis posits that a more negative tone in economic news is asso-
ciated with a more pronounced decline in fertility rates, particularly following the Great
Recession.

Before the Great Recession, from 2000 to 2007, the ARDL results indicate no sta-
tistically significant association between the sentiment of economic media coverage and
aggregate fertility. As seen in both the short-term and long-term results, the Sentiment
coefficient shows p-values greater than 0.05 (p = 0.0577 in the short-term, p = 0.0806
in the long-term), indicating that fluctuations in the tone of economic news during this
period did not align with changes in fertility. Despite fluctuating sentiment values, fertil-
ity trends remained relatively stable before the crisis. The series data for ESI during this
period show fluctuating but mostly positive sentiment values, especially between 2005
and 2007, suggesting a relatively neutral to optimistic tone in media coverage. Despite
this, the lack of a significant relationship between sentiment and fertility implies that
newspapers’ tone did not drive fertility changes in this pre-crisis period. The negative
coefficient for ESI pre-crisis, while not significant, could suggest that families may have
been responding positively to external factors rather than sentiment itself, a nuance that
the topic modelling results also support, as the narratives were not yet focused on eco-
nomic instability. The topic modelling results suggest that, before the Great Recession,
the themes associated with negative sentiment—primarily focused on financial matters
like taxes, prices, and market conditions—were not closely tied to the kinds of economic
concerns that typically influence fertility decisions, such as unemployment or household
financial stability. Instead, much of the discussion revolved around broader economic in-
dicators like corporate profits and governmental policies, which may not have had a direct
impact on family planning decisions during this period.

However, in the post-crisis period, as the coverage shifted toward more immediate con-
cerns of economic instability and political uncertainty, these narratives appear to have
played a more significant role in shaping fertility behaviour, aligning with the observed
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decline in fertility rates. In the post-crisis period, starting in 2008, a different pattern
emerges, the interaction term between economic sentiment and the crisis becomes statis-
tically significant. In the short-term results, the main effect of sentiment is -0.0832 (not
significant, p = 0.0577), while the interaction term is 0.1288 (significant, p = 0.0075),
resulting in a total effect of 0.0456. This suggests that as the tone of coverage, after
the crisis, became more negative/positive, fertility rates declined/rose. This supports the
second hypothesis, which anticipated that a negative sentiment in economic news would
correlate with a decrease in GFR. The data for ESI in the post-crisis period show a
sharp decline in sentiment between 2008 and 2009, with particularly low values during
2009 (as low as -1.27 in January 2009). This negative sentiment persisted into 2010 and
2011. Correspondingly, GFR also decreased, confirming a relationship between the wors-
ening economic sentiment and fertility trends. Interestingly, as press sentiment recovered
slightly in 2012 and beyond, with ESI values becoming more positive (e.g., a significant
improvement in 2013-2014), fertility rates stabilized somewhat but did not fully recover to
pre-crisis levels. After this brief period of improvement, both the ESI and GFR displayed
a notable decline post-2013, with the ESI dropping sharply, indicating more pessimistic
narratives surrounding economic conditions. Correspondingly, GFR also continued its
downward trend, reflecting the potential associations of this negative sentiment with the
aggregate fertility. This suggests that as the narratives around the economy became more
negative, public perceptions of economic uncertainty may have led to the postponement
of childbearing, further exacerbating the decline in fertility rates.

2.4.4. Robustness Check

In addition to the full model, I conducted a series of robustness checks to evaluate
the sensitivity of my results across different model specifications. These include baseline
models without controls and alternative versions incorporating interaction terms. Table
B.3 (Appendix, Section B.3) presents a comprehensive comparison of these models, rang-
ing from the baseline without controls to those including economic and seasonal variables,
as well as interactions with crisis period. Furthermore, I performed additional sensitivity
analyses, the results of which are displayed in Table B.4 (Appendix, Section B.4).

These analyses compare the results when excluding online news sources, the results
when introducing a dummy variable to account for the Brexit period, and control for
changes in government. The results presented in B.3 highlight the robustness of the
ARDL models across various specifications and contextual adjustments. I observe that, as
additional controls for economic variables like earnings, unemployment, and the consumer
price index are included (Model 4 to Model 11), the overall fit of the model improves, as
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indicated by the increasing R2 and decreasing BIC values. The interaction terms between
the economic coverage indices (ECI and ESI) and the crisis period also show significance in
multiple models, especially in the long-run coefficients, suggesting a nuanced relationship
between the sentiment and aggregate fertility post-crisis. The consistency of significant
coefficients across models supports the robustness of the results.

Table B.4 further explores the sensitivity of the results by accounting for the exclusion
of online news sources and the inclusion of a dummy for the Brexit period and changes in
government. The results indicate that excluding online news (Model 2) has a moderate
effect on the estimates, with slightly lower R2 and BIC values compared to the full model
(Model 1). The inclusion of the Brexit dummy does not substantially alter the key
coefficients, particularly the interaction between sentiment balance and the crisis period,
which remains significant. This suggests that the model’s findings are robust also to these
contextual changes.

Moreover, the additional robustness tests, such as normality of the residuals and struc-
tural breaks tests, further confirm the stability of the model. These tests, presented in
the Appendix (Section B.5), indicate that the model assumptions are met, and no major
structural changes in the data affect the reliability of the results. This ensures that the
associations observed between media coverage, sentiment, and fertility are stable and not
driven by misspecification or structural shifts in the data.
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Media are considered the principal source of information about the economy and as ar-
gued by different studies, they can influence public perception by selecting and reporting
on particular topics such as unemployment, financial instability, rising living costs, and
government austerity measures from certain perspectives and using specific tones.

This thesis has developed the construction of two novel press-based indices — the
Economic Coverage Index and the Economic Sentiment Index — based on a machine
learning approach. The data used in this analysis regarded a wide range of newspapers’
source originating from different countries and collected over a 20-year period (2000-
2020). Then, they were applied to examine the role of the media, in this case, the press,
in representing the economic context in Italy and UK and I provided a detailed analysis
of how media narratives regarding economic conditions are constructed and how these
narratives may influence aggregate fertility in the UK.

In the first part of this study, I constructed the ECI and ESI for Italy, using a machine
learning approach based on BERT to classify news articles and extract both the volume
and sentiment of economic coverage. The ECI, which measures the intensity of economic
news coverage, showed heightened attention to economic issues during key periods such as
2011 and 2020. Interestingly, while the ECI seems to be correlated with some aspects of
the economy, such as GDP fluctuations, it did not align closely with any single economic
indicator, suggesting that the media often presents economic issues in a way that is not
directly mirrored by traditional economic trends. On the other hand, the ESI, which fo-
cuses on the sentiment conveyed by the media, displayed an inverse relationship with the
ECI. During periods of high media coverage, such as in times of economic crisis, the senti-
ment was notably more pessimistic. The ESI was more closely associated with subjective
economic indicators like consumer confidence, further emphasizing that sentiment-based
media indices can capture public perceptions that are not always reflected in objective
economic data. Moreover, this inverse relationship suggests that, particularly after the
Great Recession, media coverage tends to emphasize negative economic developments,
while positive news receives less attention.

The second part of this thesis extended the analysis to the UK, where I explored the
association between media narratives and fertility trends. Recent studies, found evidence,
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in the USA and Italy, that fertility behaviour is associated with media narratives of the
economy independently of traditional economic indicators (Guetto et al., 2023; Schneider,
2015). Along the same body of research, I investigated the association between press
economic narratives and the general fertility rate in the UK with a macro-level approach.
My aim was to examine the extent to which economic media coverage is associated with
fertility trends in the UK, and to investigate whether this association varies based on the
tone of the economic news. I used of machine learning techniques to build comprehensive
indices reflecting the economic coverage and sentiment of the newspapers and time series
analysis to examine how the aggregate fertility is associated with the constructed indices.

The first hypothesis of the study posited that increased coverage of economic issues
would correlate with a decline in fertility rates. However, I found that there was no signif-
icant association between the coverage and aggregate fertility before the Great Recession.
In the pre-crisis period, fluctuations in coverage did not correspond to changes in fertility.
After the Great Recession, the coefficient for economic coverage gains importance and
shows a positive significative association with aggregate fertility trends. Contrary to my
initial hypothesis, which predicted a direct negative association between media coverage
and fertility, the analysis revealed that both coverage and fertility were positively associ-
ated in the post-crisis period. At the onset of the crisis, media coverage surged due to the
spike in economic uncertainty, but was followed by a general decline in both coverage and
fertility. However, key events, such as the Brexit, led to temporary spikes in coverage,
which may have increased public concern and contributed to fluctuations in fertility rates
during these specific periods, although the trend for both coverage and fertility remained
generally downward.

The second hypothesis proposed that a more negative tone in economic news would
contribute to a sharper decline in fertility, particularly following the Great Recession,
when economic news was expected to be predominantly negative. My findings confirm
this hypothesis. In the pre-crisis period, sentiment was not strongly associated with fer-
tility trends, showing no measurable link between the sentiment and aggregate fertility.
In contrast, post-crisis negative sentiment shifted towards more pressing issues like unem-
ployment, government policies, and economic instability, which likely was more associated
with aggregate fertility. The shift in narrative focus explains the closer correlation be-
tween negative sentiment and declining fertility rates in the aftermath of the financial
crisis, regardless of the overall volume of media coverage of the economy. The topic
modelling further supports this, as pre-crisis negative sentiment focused on less pressing
financial issues such as taxes, prices, and corporate profits, while post-crisis the narratives
on economic instability and political uncertainty have likely played a more direct role in
shaping fertility choices. There was a brief period of improvement in sentiment after 2012,
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which corresponded to a temporary stabilization of fertility rates, though they did not
return to pre-crisis levels. However, after 2013, both the sentiment and the aggregate fer-
tility declined substantially, reflecting renewed pessimism in economic narratives as well
as broader economic uncertainties, including Brexit. The decreasing tone in economic
news, aligns with the ongoing reduction in fertility rates.

Despite these findings, this thesis presents several limitations. In the case of Italy, I
could not apply index weighting based on newspaper circulation data due to data con-
straints. Index weighting would have allowed for a more accurate representation of public
exposure to economic news, since not all newspapers reach the same size of audience.
In the UK case, it was difficult to weight the indices according to specific demographic
characteristics of the readers, which would have provided a more detailed understanding
of how different segments of the population, such as those grouped by age, are exposed to
economic news. Incorporating data from surveys would have allowed for a more refined
analysis by segmenting responses based on factors like age. I explored the Understanding
Society Survey to incorporate individual-level data on media exposure and perceptions
into the analysis. The objective was to assess how direct exposure to economic news
could influence fertility decisions. However, the subsample of interest contained a signifi-
cant number of missing responses, limiting the ability to fully incorporate these variables.
This highlights a broader limitation in this type of study: the absence of direct measures
of individual media exposure and perceptions, which would allow a more precise exam-
ination of the pathway from media coverage to perceptions and, ultimately, to fertility
behaviour. Additionally, I was not able to test how my indices could influence public
confidence, meaning in what measure the level and tone of economic news coverage might
shape individuals’ perceptions of economic stability. Moreover, the sentiment classifica-
tion model exhibited limitations in accuracy, partly due to the complexity of sentiment
analysis in the economic domain, where even human classifiers struggle to consistently
categorize news articles. Another limitation concerns the inability to fully account for
key policy changes or welfare measures, such as childcare, which may influence fertility
decisions. Additionally, the lack of data prior to 2009 may have affected the robustness
of the indices during the pre-crisis period. Furthermore, the model used does not allow
for feedback effects between variables, which could offer deeper insights into the dynamic
relationship between media narratives and economic indicators. Nonetheless, the ARDL
model was chosen for its flexibility in handling variables with different integration orders,
such as a mix of I(0) and I(1) variables, ensuring a robust analysis. This flexibility is
crucial for my analysis, allowing me to incorporate both stationary and non-stationary
variables without the need for transforming the variables. Despite this limitation, this
macro-level approach to the UK context adds an important piece to the study of the
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association between media narratives and fertility. By utilizing Lexis Nexis data in a
country where the Great Recession had significant effects but where fertility rates are
not among the lowest in Europe, this study reveals statistically significant associations
between economic narratives and aggregate fertility.

This research contributes to the growing body of literature that emphasizes the impor-
tance of media narratives in shaping economic perceptions and behaviours. Traditional
economic indicators, while critical for understanding the objective state of the economy,
often fail to capture how individuals perceive economic conditions. The ECI and ESI, by
contrast, offer valuable insights into the media’s role in shaping public discourse and the
public’s reaction to economic events.

The most important take-home message from this thesis is that narratives about the
economy, both in terms of volume and sentiment, appear to play a nuanced role in shaping
fertility trends. While traditional economic indicators provide a broad view of economic
conditions, economic coverage, and especially its tone, appear to reflect public perceptions
of uncertainty, which can, in turn, affect family planning decisions. This is particularly
evident in the post-crisis period in the UK, where economic uncertainty reflected in news-
papers may have led to delays or declines in fertility.

Building on the findings of this thesis, there are several potential avenues for future
research. One key area for further exploration is the enhancement of the indices by
incorporating more detailed demographic data, such as readership characteristics, to allow
for a more granular analysis of how different population groups interact with economic
news. This could involve integrating survey data to refine the weighting of the indices
based on factors such as age, education level, or socioeconomic status. Additionally, future
research could expand the geographical scope of the analysis to include other countries
or regions, comparing how media narratives and their association with fertility may differ
across diverse economic and cultural contexts. Another promising direction would be
to explore the use of more advanced machine learning techniques or larger datasets to
improve the accuracy of sentiment classification, particularly in the domain of economic
news. Lastly, a more dynamic modelling approach that accounts for feedback effects
could be developed. This would allow for a better understanding of the bidirectional
relationships between media narratives and economic indicators, offering deeper insights
into how these interactions evolve over time.

Overall, this study highlights the importance of considering the evolving role of media
narratives and their association with fertility, adding a critical dimension to the broader
field of demographic research.
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A.1. Guidelines for labelling

A.1.1. Description

The Lexis Nexis database contains a vast collection of European press articles spanning
the last 20 years. These articles cover a broad range of topics, including sports, politics,
gossip, and finance, authored by different writers and published across various newspapers.
Each article presents media facts that may carry a positive, negative, or neutral tone.

To achieve these goals, a methodology has been established using shared Excel files
in a Google Drive folder. Each file contains a column labelled abstract, which provides a
summary of the article. For each article:

• Determine if the article discusses an economic issue and mark the corresponding
Eco column with a “1” for economic content, or a “0” if it does not.

• For economic articles, evaluate the sentiment: use “-1” if the abstract indicates
negative news, “0” for neutral news, and “1” for positive news.

• If an article is corrupted (i.e., the abstract is missing or the text is unreadable), leave
the Eco and sentiment columns blank and note “corrupted” in the notes column.

An article is categorized as economic if its main focus is on topics such as unemploy-
ment, employment, wages, economic crises, pricing, or similar financial issues. Sentiment
analysis is based on the article’s potential impact on perceptions of future economic con-
ditions:

• A negative sentiment is assigned if the news may incite concern or pessimism
about economic prospects.

• A positive sentiment is given if the news suggests optimism or favourable future
conditions.

• A neutral sentiment is used when the article lacks any clear positive or negative
economic implications.
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Finally, an article is considered corrupted if the abstract is missing or if the text is
improperly encoded, making it unreadable.

A.1.2. Examples

Examples of articles that do not talk about the economy

• Recent advancements in cancer immunotherapy have shown remarkable potential in
treating various forms of cancer, with clinical trials revealing significant improve-
ments in patient outcomes. Researchers from the University of California reported
that a novel combination of checkpoint inhibitors and personalized vaccines has led
to a 65% increase in survival rates for patients with advanced melanoma. This
breakthrough marks a pivotal step in the fight against cancer, offering new hope for
treatments that harness the body’s immune system to target cancer cells more ef-
fectively. Ongoing trials in Europe and Asia are expected to expand the use of this
therapy to other cancer types in the coming years.

• The global art scene is experiencing a renaissance, with contemporary artists push-
ing boundaries and challenging traditional aesthetics. New movements, including
environmental art and digital installations, have gained significant traction, partic-
ularly in galleries across New York, London, and Berlin. This article explores the
work of emerging artists who are redefining the meaning of art in the 21st century,
focusing on their use of unconventional mediums and themes like climate change
and social justice. The shift towards more interactive and immersive experiences in
galleries highlights a growing demand for art that engages audiences in meaningful
ways beyond visual appreciation.

Examples of articles that talk about the economy and have a

negative sentiment

• "Codelco halted operations at its copper concentrates smelter in the Chuquicamata
mine after a group of workers went on a strike over payments, the company said
on Tuesday, December 3. The mine’s production is currently not enough to fulfil
the production capacity of the smelter, it added, and for this reason Codelco has
decided to process ore and products from other divisions in Chuquicamata. “The
illegal measures imposed by a group of union delegates and workers of Chuquica-
mata’s concentrate smelter, of not to starting working [...] in the beginning of shift
A are incomprehensible,” the Chilean state-owned company said in a statement. “To
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prevent damage to the equipment and facilities of the smelter, a stoppage of all oper-
ations at Chuquicamata’s concentrate smelter was necessary," Codelco added. The
workers are demanding extra compensation to operate the smelter at full capacity.
Chuquicamata currently produces about 540 tonnes of copper per day, and each day
of stoppage results in losses of about $8 million, according to local media “.

• “Not only are companies being squeezed abroad, they are also being hit by competition
from imports and services at home, said the British Chambers of Commerce [BCC].
The North-East is more dependent on exports than other regions and, according to
the survey, both its service and manufacturing sectors have reported slowing growth.”

Examples of articles that talk about the economy and have a

positive sentiment

• “Further signs of the recovery in manufacturing emerged today, with official figures
showing growth in factory output in May. The sector — seen as a drag on the UK
economy following disappointing data in recent months — expanded by 0.5% between
April and May, according to figures from the Office for National Statistics. The
growth was slower than the 0.8% adjusted expansion experienced by manufacturers
between March and April.”.

• “In a remarkable turn of events, the green energy sector is experiencing unprecedented
growth, reaffirming the viability of renewable energy investments. Robust gains in
both solar and wind energy have not only bolstered sustainability efforts but also
contributed significantly to job creation and economic expansion.”.

Examples of articles that talk about the economy and have a
neutral sentiment

• “The latest economic data reveals a complex landscape as unemployment rates re-
main relatively stable while other indicators show varied trends. This mixed bag of
economic signals underscores the intricate balance between recovery and uncertainty
in the post-pandemic world.”.

• “Current rules of thumb on drawdown are not so fit-for-purpose as those on pension
savings — so Bob Champion has come up with a simple one of his own. We are all
familiar with rules of thumb when it comes to saving into a pension — ’You should
put aside 10% of your earnings each year’, for example, or ’Halve your age when you
start contributing and that is the percentage pension contribution you should make.’
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Neither would be accurate for a particular individual, but if people try to follow such
rules, they will at least be heading in the right direction when accumulating wealth
for a reasonable retirement. When it comes to drawing down wealth in retirement,
we are also familiar with the 4% safe withdrawal guidelines that originate from the
US.”.
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Figure B.1: Total Fertility Rate (TFR) in some European countries (UK, Italy, Spain,
Finland, and Sweden) from 1995 to 2021.
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B.1. ARDL model summary

Coefficients Estimate Std. Error t value Pr(>|t|)

Intercept 0.371 0.501 0.740 0.460
Lag(GFR,1) 0.561 0.078 7.131 0 ***
Lag(GFR,2) 0.197 0.080 2.454 0.015 *
Coverage -0.048 0.057 -0.843 0.400
Coverage*Crisis 0.123 0.062 1.994 0.048 *
Sentiment -0.083 0.043 -1.913 0.057 .
Sentiment*Crisis 0.128 0.047 2.713 0.007 **
Earnings 0.007 0.005 1.391 0.165
UnemplRate 0.009 0.002 3.892 0.000 ***
ConsPriceIndex -0.013 0.007 -1.748 0.082 .
feb -0.436 0.028 -15.094 0 ***
mar 0.029 0.030 0.962 0.337
apr -0.084 0.043 -1.931 0.055 .
may 0.207 0.032 6.411 0 ***
jun -0.030 0.034 -0.887 0.376
jul 0.208 0.030 6.929 0 ***
aug -0.001 0.034 -0.056 0.955
sep 0.041 0.032 1.277 0.202
oct 0.042 0.030 1.391 0.165
nov -0.243 0.031 -7.859 0 ***
dec -0.042 0.036 -1.179 0.240
Crisis -0.048 0.022 -2.123 0.035 *

Signif. codes 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1

Table B.1: Regression Coefficients

Residual standard error: 0.07204 on 145 degrees of freedom
(58 observations deleted due to missing data)
Multiple R-squared: 0.9292, Adjusted R-squared: 0.919
F-statistic: 90.65 on 21 and 145 DF, p-value: < 0.0000000000000022
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B.2. Topic Modelling Results

Period Sentiment Topic
#

Top Keywords Topic Names

Pre-Crisis Negative 1 year, cent, rise, time,
report, say, increase,
economy, economic, office

Economic Growth
and Reports

Pre-Crisis Negative 2 pay, pound, money, tax,
financial, insurance,
mortgage, benefit

Financial Services
and Taxes

Pre-Crisis Negative 3 government, plan, service,
budget, cut, staff, council,
private

Government Policies
and Public Services

Pre-Crisis Negative 4 price, cost, sell, buy, deal,
oil, tax, fee, sale, boss

Commodity Prices
and Trade

Pre-Crisis Negative 5 company, pound, market,
profit, loss, investment,
value, stock, dollar

Corporate
Performance and
Market Fluctuations

Pre-Crisis Positive 1 buy, pound, pay, price,
week, home, property, tax,
start, year

Property and
Consumer Purchases

Pre-Crisis Positive 2 new, company, plan,
service, firm, business,
deal, customer, market

Business Expansion
and Service
Innovation

Pre-Crisis Positive 3 year, pound, share, market,
group, say, profit, increase,
stock

Market Growth and
Profitability

Post-Crisis Negative 1 pay, people, year, claim,
work, leave, face, fund,
help, buy

Labor and
Employment Issues

Post-Crisis Negative 2 year, bank, market,
financial, rate, investor,
pound, bad, high, close

Financial Markets
and Investor
Concerns

Continued on next page



70 B| Appendix B

Period Sentiment Topic
#

Top Keywords Topic Names

Post-Crisis Negative 3 say, government, tax, warn,
trade, budget, worker,
brexit, leave, health

Government Policies
and Brexit Impact

Post-Crisis Negative 4 year, price, cost, rise, car,
drop, food, energy, oil,
home, hit

Cost of Living and
Inflation

Post-Crisis Positive 1 year, company, market,
profit, boost, growth, help,
bank, expect

Corporate Growth
and Profitability

Post-Crisis Positive 2 offer, good, price, new,
deal, sale, launch, buy,
store, product, online

Retail and Consumer
Goods

Post-Crisis Positive 3 business, people, service,
work, fund, plan,
investment, government

Business Investments
and Services

Post-Crisis Positive 4 home, car, property, price,
buy, build, buyer, luxury,
feature

Real Estate and
Property Market

Table B.2: Topic Modelling Results

B.3. Comparison of ARDL Model Specifications In-

cluding Economic Controls and Interaction Terms

We present a detailed comparison of various models used in the main analysis to ensure
robustness. These models explore different combinations of variables such as newspaper-
derived indices (ECI and ESI), interaction terms for the crisis period, and economic
controls like earnings, unemployment, and consumer price index. The results provide
additional context for understanding the sensitivity of the findings to the inclusion or
exclusion of specific terms.

Model 1: GFR = α+ Lag(GFR, 1) + Lag(GFR, 2) + Coverage + Sentiment

Model 2: GFR = α+ Lag(GFR, 1) + Lag(GFR, 2) + Coverage + Sentiment + Crisis
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Model 3: GFR = α+ Lag(GFR, 1) + Lag(GFR, 2) + Coverage + Sentiment + Coverage ∗
Crisis + Sentiment ∗ Crisis + Crisis

Model 4: GFR = α+ Lag(GFR, 1) + Lag(GFR, 2) + Coverage + Sentiment + Coverage ∗
Crisis + Sentiment ∗ Crisis + Crisis + Earnings

Model 5: GFR = α+ Lag(GFR, 1) + Lag(GFR, 2) + Coverage + Sentiment + Coverage ∗
Crisis + Sentiment ∗ Crisis + Crisis + Unemployment

Model 6: GFR = α+ Lag(GFR, 1) + Lag(GFR, 2) + Coverage + Sentiment + Coverage ∗
Crisis + Sentiment ∗ Crisis + dec + ConsPriceIndex

Model 7: GFR = α+ Lag(GFR, 1) + Lag(GFR, 2) + Coverage + Sentiment + Coverage ∗
Crisis + Sentiment ∗ Crisis + feb + . . .+ dec + Crisis + Earnings

Model 8: GFR = α+ Lag(GFR, 1) + Lag(GFR, 2) + Coverage + Sentiment + Coverage ∗
Crisis + Sentiment ∗ Crisis + feb + . . .+ dec + Crisis + ConsPriceIndex

Model 9: GFR = α+ Lag(GFR, 1) + Lag(GFR, 2) + Coverage + Sentiment + Coverage ∗
Crisis + Sentiment ∗ Crisis + feb + . . .+ dec + Crisis + Earnings + Unemployment

Model 10: GFR = α+Lag(GFR, 1)+Lag(GFR, 2)+Coverage+ Sentiment+Coverage ∗
Crisis + Sentiment ∗ Crisis + feb + . . .+ dec + Crisis + Unemployment + ConsPriceIndex

Model 11: GFR = α+Lag(GFR, 1)+Lag(GFR, 2)+Coverage+ Sentiment+Coverage ∗
Crisis+Sentiment∗Crisis+ feb+ . . .+dec+Crisis+Earnings+Unemployment+ConsPriceIndex

Model R2 BIC Cointegration Short-run effects Long-run effects

1 0.64 -88.71 F-Statistic: 3.11 ECI: -0.03, ESI: -0.01 ECI: -0.24, ESI: -0.11
2 0.64 -85.13 F-Statistic: 3.53 ECI: -0.04, ESI: -0.01 ECI: -0.21, ESI: -0.05
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3 0.65 -75.94 F-Statistic: 2.62 ECI: -0.04,
ECI*CRISIS: 0.04,
ESI: -0.06, ESI*Crisis:
0.08

ECI: -0.22,
ECI*CRISIS: 0.24,
ECI*Crisis: -0.31,
ESI*Crisis: 0.47

4 0.66 -80.9 F-Statistic: 4.36
(*)

ECI: 0.04,
ECI*CRISIS: -0.03,
ESI: -0.11, ESI*Crisis:
0.18

ECI: 0.14,
ECI*CRISIS: 0.12,
ESI: -0.38, ESI*Crisis:
0.64

5 0.65 -76.31 F-Statistic: 3.52
(.)

ECI: -0.06,
ECI*CRISIS: 0.1,
ESI: -0.05, ESI*Crisis:
0.09

ECI: -0.25,
ECI*CRISIS: 0.39,
ESI: -0.2, ESI*Crisis:
0.37

6 0.65 -73 F-Statistic: 2.99 ECI: -0.03,
ECI*CRISIS: 0.02,
ESI: -0.06, ESI*Crisis:
0.1

ECI: -0.17,
ECI*CRISIS: 0.1,
ESI: -0.3, ESI*Crisis:
0.5

7 0.94 -439.88 F-Statistic: 2.39 ECI: 0.007,
ECI*CRISIS: 0.03,
ESI: -0.05, ESI*Crisis:
0.09

ECI: 0.1, ECI*CRISIS:
0.47, ESI: -0.78,
ESI*Crisis: 1.31

8 0.94 -434.78 F-Statistic: 2.13 ECI: -0.01,
ECI*CRISIS: 0.06,
ESI: -0.04, ESI*Crisis:
0.07

ECI: -0.59,
ECI*CRISIS: 2.05,
ESI: -1.55, ESI*Crisis:
2.48

9 0.95 -456.64 F-Statistic: 6.07
(**)

ECI: 0.01,
ECI*CRISIS: 0.04, ESI:
-0.06 (**), ESI*Crisis:
0.13 (***)

ECI: 0.06,
ECI*CRISIS: 0.17, ESI:
-0.22 (.), ESI*Crisis:
0.5 (***)

10 0.94 -433.24 F-Statistic: 2.27 ECI: -0.02,
ECI*CRISIS: 0.08 (.),
ESI: -0.03, ESI*Crisis:
0.06 (.)

ECI: -0.46,
ECI*CRISIS: 1.35,
ESI: -0.61, ESI*Crisis:
1.1

11 0.95 -453.83 F-Statistic: 6.5
(***)

ECI: 0.01,
ECI*CRISIS: 0.05, ESI:
-0.06 (*), ESI*Crisis:
0.13 (***)

ECI: 0.06,
ECI*CRISIS: 0.2, ESI:
-0.21 (.), ESI*Crisis:
0.47 (***)
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Table B.3: A comparative analysis of different ARDL model specifications evaluating
the relationship between the GFR, ECI and ESI, and various economic indicators. The
models include adjustments for seasonal patterns, crisis periods, and interactions with
economic controls.

B.4. ARDL Model Results Excluding Online News

and Accounting for Government Changes and

Brexit
We compare the ARDL model results across different specifications, including the exclusion

of online news and accounting for government changes and Brexit.
Model 1: GFR = α+Lag(GFR,1)+Lag(GFR,2)+Coverage+Sentiment+Coverage·Crisis+

Sentiment ·Crisis+ feb+ . . .+dec+Crisis+Earnings+Unemployment+ConsPriceIndex+Brexit

Model 2: GFR = α+Lag(GFR,1)+Lag(GFR,2)+Coverage(No Online)+Sentiment(No Online)+
Coverage(No Online) ·Crisis+Sentiment(No Online) ·Crisis+ feb+ . . .+dec+Crisis+Earnings+
Unemployment + ConsPriceIndex

Model 3: GFR = α + Lag(GFR,1) + Lag(GFR,2) + Coverage + Sentiment + Coverage ·
Crisis+Sentiment ·Crisis+ feb+ . . .+dec+Crisis+Earnings+Unemployment+ConsPriceIndex

Model R2 BIC Cointegration Short-run effects Long-run effects

1 0.95 -450.88 F-Statistic: 6.68
(***)

ECI: 0.02,
ECI*CRISIS: 0.04, ESI:
-0.06 (.), ESI*Crisis:
0.13 (***)

ECI: 0.07,
ECI*CRISIS: 0.17, ESI:
-0.21 (.), ESI*Crisis:
0.47 (***)

2 0.95 -446.17 F-Statistic: 5.15
(***)

ECI: 0.009,
ECI*CRISIS: 0.07,
ESI: -0.03, ESI*Crisis:
0.08 (*)

ECI: -0.03,
ECI*CRISIS: 0.26,
ESI: -0.13, ESI*Crisis:
0.31 (*)
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3 0.95 -437.68 F-Statistic: 6.93
(***)

ECI: -0.01,
ECI*CRISIS: 0.03, ESI:
-0.03 (*), ESI*Crisis:
0.07 (.)

ECI: -0.03,
ECI*CRISIS: 0.1,
ESI: -0.09, ESI*Crisis:
0.2 (.)

Table B.4: Comparison of ARDL results when excluding Online news and when account-
ing for change of government.

B.5. Robustness tests

Breusch-Godfrey test for serial correlation

H0 (Null hypothesis): There is no serial correlation in the residuals of the model
(the residuals are independent).

Test Test Statistic Degrees of Freedom p-value

Breusch-Godfrey Test (Order 1) 0.389 1 0.532

Studentized Breusch-Pagan test

H0: The error variance is constant (homoscedasticity).

Test Test Statistic Degrees of Freedom p-value

Studentized Breusch-Pagan Test (Order 1) 12.5 21 0.925

RESET test

H0: The model is correctly specified (no misspecification).

Test Test Statistic Degrees of Freedom 1 Degrees of Freedom 2 p-value

RESET Test 0.222 2 143 0.801

Shapiro-Wilk Normality test

H0: The data follows a normal distribution.
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Test Test Statistic (W) p-value

Shapiro-Wilk Normality Test 0.991 0.445

Cusum test

H0: There is no structural change (the model parameters are stable over time).

Cusum Q test

H0: The model does not experience a structural break (the model parameters are stable
over time).
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