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Abstract—Presentation slides are essential for introducing new
topics in an educational context, but they take time to create.
Automatic slides generation aims at minimising the time required
for preparing slide decks. This is often accomplished in two
main steps: summarizing a document and organizing the result
into slides. This paper focuses on the former, particularly in
unsupervised approaches, in order to determine whether these
approaches, which do not require training data, are viable
when compared with supervised ones. For that, six methods are
assessed, based on the ROUGE metric, when applied to two
datasets of scientific papers and the slides used for presenting
them. Despite being unsupervised, the performance of the tested
methods is in line with the state-of-the-art, suggesting that they
can be regarded as a good alternative, especially when training
data is not available.

Index Terms—Summarization, Automatic Slide Generation,
ROUGE, LSA, TF-IDF, QueSTS, LexRank, TextRank, Lexical
Chains

I. INTRODUCTION

Technology is becoming increasingly important in today’s
world, with computational applications in practically every as-
pect of people’s lives. This is the case of education, where slide
shows are one of the most widely used tools, when it comes
to introducing new topics to an audience. Creating slides,
on the other hand, can be a complex and time-consuming
task, because it is often necessary to read and summarise
several documents related on the target topic. To help with
the process, machine learning and natural language processing
can be explored, allowing teachers, and presenters in general,
to make better use of their time by only having to edit certain
elements rather than preparing full presentations from scratch.

Automatic slide generation has generally two main
steps [11], [16], [18]: summarization, where a shorter version
of a source document is produced, while keeping the most
important topics; and organizing the said text into slides. This
paper focuses mainly on the first step, but it also presents
a simple way to approach the second step. Six popular
summarization methods are compared in this work: LexRank
[3], TextRank [10], TF-IDF [6], [9], QueSTS [15], LSA [2],
and Lexical Chains [14]. All of them are extractive methods,
meaning that they select the most relevant sentences from
a text without adding new words or changing the phrase
structure. This is in opposition to abstractive approaches [5],
where source text can be paraphrased, while transmitting the
same meaning.

The explored methods have been extensively used in au-
tomatic summarization tasks, but not so much for slide
generation. In order to test them in this specific use case,
we resort on two available datasets of scientific papers and
their slides, produced by humans, namely PS5K [13] and
SciDuet [18]. The text from the papers is given as input
to the approaches and the resulting summary is compared
with the text of the human-produced slides. This is done
with ROUGE [8], a popular set of metrics commonly used
for evaluating automatically-created against ideal summaries,
based on their overlap.

With this, we aim to better understand to what extent these
methods are a viable alternative to supervised approaches.
Despite the availability of the aforementioned datasets, they
are too specific for their domain. In most cases, there are not
enough examples of documents and their slides to be used
as training data, i.e., not only on the target domain, but also
not in the target language. Relying on unsupervised methods
would enable summarization for presentation slides out-of-the-
box, to any document, on any domain, style, as well as many
languages.

Besides comparing the six methods, we look at perfor-
mances reported in the literature for supervised approaches, to
find that the unsupervised methods perform closely, and some
even outperform them in a few of the tested ROUGE metrics.
This was the case with TextRank in one of the ROUGE metrics
for the PS5K dataset, whereas every method was superior for
SciDuet in also one metric.

This document is structured in six sections: Related Work,
which overviews work using the PS5K and SciDuet datasets;
Experimentation, which describes the datasets, methods and
evaluation metric used; Results, which reports and discusses
the main findings in the summarization step; Slide Generation,
which explains how slides are created having as a starting point
a summary; Conclusion, which stresses the main conclusions
and discusses future work.

II. RELATED WORK
In this work two different datasets were used in order

to test the unsupervised summarization methods: PS5K [13]
and SciDuet [18], released as part of two recent studies on
summarization for slide generation.

One of such studies [11] presented an extractive summa-
rization method with three main steps: sentence labelling,



sentence scoring, and sentence ranking. An important feature
is that the document is first split in non-overlapping text
windows. Within them, sentences are labelled having in mind
the maximisation of the ROUGE score [8], when compared
to the gold summaries in PS5K. After this, embeddings are
learned for each sentence and document, with a bi-LSTM
encoder (simple and with attention). Finally, sentences are
ranked by a function that considers their position in the
document, their salience, their novelty (when compared to the
remaining sentences), and the similarity of their content to the
gold summaries. For the best configuration, ROUGE-1, 2 and
L scores of 0.48, 0.12, and 0.24, respectively, are reported.

Another interesting study [18], for which SciDuet was
created, tackles automatic slide generation as a question-
answering problem. Given the title for each slide, a suitable
question is made to the document, in order to retrieve suitable
content. This is done across three modules, respectively for:
building a tree of titles; computing the similarity of text snip-
pets, represented by dense vectors; asking questions, through a
BART [7] model. The selection of figures and tables, through
the similarity of their caption and the text, may follow the
previous. For the best configuration, ROUGE-1, 2 and L scores
of 0.20, 0.05, and 0.19, respectively, are reported.

Both of the previous approaches are supervised, and there-
fore need data. Due to the scarcity of datasets, their authors
had to create their own datasets. Even if these datasets can be
helpful for training and testing approaches for the automatic
generation of slides, they are not ideal for domains and styles
other than scientific papers, a very specific style and not an
easy one, since these papers frequently include complex terms,
formulas, and nuances. This is also why we test unsupervised
approaches, namely LexRank [3], TextRank [10], TF-IDF
[6], [9], QueSTS [15], LSA [2], and Lexical Chains [14],
further described in section III. Despite being quite popular for
automatic summarization, when it comes to slide generation,
have not been sufficiently explored.

Moreover, as it happens to most related work, the described
works rely exclusive on the ROUGE metrics to evaluate their
summaries.

ITI. EXPERIMENTATION

This section briefly describes the two datasets used, the six
unsupervised methods for summarization that were assessed,
and the metric that was used to evaluate the summaries.

A. Evaluation Data

All the explored methods aim to summarise texts. However,
as our focus is on summarisation for presentation slides, we
test the selected methods on two datasets recently made avail-
able, SciDuet [18] and PS5K [13], which include published
scientific papers paired with human-produced slides used for
presenting them. The datasets presents papers in the field of
computer and information science, Machine Learning, Neural
Information Processing Systems, and Computational Linguis-
tics. Still, we should stress that we are not assessing the actual
quality of the slides, only of the text that might be included
in them. Summaries for slides have some characteristics that

we are not considering specifically. For instance, they often
include single statements or lists of items, lacking context,
to be filled by the speaker, or by information in images or
diagrams. Moreover, the tested methods are all for extractive
summarization, while it is normal that text in the papers is
changed to better fit the presentation.

Both datasets are divided into train, validation and test.
Since we are using only unsupervised methods, only the test
portion is used for evaluation. This encompasses 81 and 250
papers and their slides, respectively for SciDuet and for PS5K.

B. Methods

The six tested methods were: LexRank [3], TextRank
[10], TF-IDF [6], [9], QueSTS [15], LSA [2], and Lexical
Chains [14]. QueSTS and TF-IDF were chosen due to their
previous utilization on the state-of-the-art for automatic slide
generation. The others were chosen based on their popularity
in the context of text summarization. Below is a brief expla-
nation of each.

TF-IDF ! (term frequency-inverse document frequency) [6]
is a statistical method that computes the importance of a term
in a document, considering its frequency in the document (TF)
and in a collection of documents (DF). The former contributes
positively, but the more documents a term occurs in, the
lower its importance in any document is. When applied to
summarization, TF-IDF is computed for every word, and the
sentences with the greatest accumulative score are the regarded
as the most important, i.e., to be included in the summary.

LSA [2]? analyses relationships between a set of documents
and the terms they contain. For our experiments, we have
adopted a method [17] that selects the longest sentences for the
summary. The length of a sentence is determined by consider-
ing concepts with indices lower than or equal to the provided
dimension, which is seen in a concept-sentence matrix. The
value is then multiplied by the second matrix produced by
Singular Value Decomposition of a term-document matrix to
emphasise the most significant concepts.

TextRank [10]? builds a graph with sentences as nodes and
the cosine similarity between sentences as edges. The result-
ing summary includes the higher-ranked sentences, weighted
according to the weights.

LexRank [3]° is similar to TextRank, except for the cal-
culation of similarity, where a modified cosine with IDF
(measure that seeks to decrease the weight of words that are
frequent in many documents) is used and for the selection
of the important sentences.For its implementation, a set of
documents is required for computing the IDF. We used the
training portions of the datasets, but any corpus can be used.

Another graph-based method [16] summarises academic
papers with a query-specific summarizer—QueSTS [15]. Its
implementation is inspired by [1]. It creates a graph similar
to the previous implementations. Then, from each node, a

'Implementation inspired by: https://towardsdatascience.com/natural-
language-processing-feature-engineering-using-tf-idf-e8b9d00e7e¢76
Zhttps://pypi.org/project/sumy/

3https://github.com/crabcamp/lexrank



contextual tree is built for each query term. The node is added
to the tree alongside its neighbours until it reaches the node
with the query term. In the end, the trees of all the query terms
for a node are merged into a SGraphr. All the SGraphs are
ranked by a scored model and the one with the highest rank
is the summary.

Lexical Chains (implementation inspired by [14]) are se-
quences of semantic related words. It uses WordNet [4],
which is structured on synsets, which are groups of words
with the same meaning. This method involves creating chains,
each of which contains a group of words (only nouns were
considered) with the same meaning. For each chain that
respects the following equation (Strong Chains), the first
sentence containing this chain is added to the summary:
Score(Chain) > AVG(Scores) + ratio x STD(Scores).
The score of a chain is calculated using the word frequencies
and the number of words in a chain. All the sentences with
a score greater than the average of sentences scores are also
added to the summary. The score is given by the nouns in
strong chains and the sentence length.

C. Metrics

Our evaluation relied on the ROUGE [8] metric, widely
used across summarization and other text generation problems.
ROUGE compares the automatic and the reference summary
according to different metrics, each one with a corresponding
recall, precision and F-score. Among them, we use: ROUGE-
N, with N either 1 or 2, corresponding to the overlap
of sequences of N words; ROUGE-L, which measures the
longest sequence of words (LCS) shared by both summaries;
and ROUGE-W, similar to ROUGE-L, but also tracking the
lengths of consecutive matches, in addition to the length of
the LCS.

IV. RESULTS

This section presents and discusses the performance of the
tested methods in the two datasets, according to the adopted
ROUGE metrics. For each dataset and method, tests were
conducted with different ratios — i.e., the lower the ratio, the
shorter the summary — as well as applying preprocessing or
not.

Every metric was computed for the same ratio values, except
for TF-IDF, where sentences with a higher score than the av-
erage are put in the summary, regardless of their size; Lexical
Chains (LC), where the ratio is a multiplication value used to
determine the value that a chain must have to be considered
strong; and for QueSTS, where the ratio corresponds to the
number of leaves a tree can have.

A. Results in PS5K

Table I shows the ROUGE-1, 2, L and W scores in the
PS5K dataset. For all methods, several tests were conducted
with different ratios. Yet, due to space limitations, the table
includes only the best and worst scores. Coincidentally, and
with the exception of QueSTS and Lexical Chains (LC), these
correspond to the lowest (LR) and highest ratios (HR) tested.
For QueSTS, LR is 3 leafs and HR is 11. For Lexical Chains,

LR is 0.5 and HR is 1. For the other methods, LR is 0.1 and
HR is 0.4.

For example, looking at the scores of LexRank, we see
that LR has a greater precision than HR, which allowed for a
higher score. However, recall is lower. This shows that even
though a higher ratio, i.e, a bigger summary results in a greater
fraction of relevant sentences retrieved, there are also more
that are not relevant when compared to the quantity in the
smaller summary. So, despite having less relevant sentences,
the shortest summaries end up having higher relevance as a
whole. This is true for every metric, and for every method,
except LC and QueSTS.

Even though in QueSTS a lower ratio has greater precision
and lower recall, the latter value is much lower than for other
methods. For example, for ROUGE-1, the recall is only 0.085
for QueSTS, with the next worst belonging to LC HR with
a value of 0.190, thus resulting in a better F-score for the
higher ratio experiences. This shows that the LR summary
is too small and so, even if the sentences that are retrieved
are relevant, they are very few and more are required. This
happens because this method handles the ratio differently: a
low ratio here corresponds to a shorter summary than for the
other methods. So, while the summary in the other methods
has a good size, in QueSTS it is too short, and so needs a
higher ratio.

Something similar happens in LC, which, contrarily to other
methods, with a LR has a higher recall and a lower precision,
resulting in better summaries with a HR. Such as QueSTS,
due to the different ratio utilization, this method’s lower ratio
is too low and so it also requires a higher ratio.

In a more general view, we can see that the best method for
ROUGE-1 is LSA LR (followed closely by TextRank LR). For
ROUGE-2, the best is TextRank LR and LC HR, for ROUGE-
L and W the best is also TextRank LR. So, in this dataset the
best performing method is TextRank.

ROUGE-1 and 2 scores achieved are all below the best
supervised method reported for PS5K in related work [13],
respectively 0.48 and 0.12. For ROUGE-L, however, the best
reported score is 0.238, which is in line with LSA LR (0.235)
and LexRank LR (0.233) and is outperformed by TextRank
LR (0.247). Even though ROUGE-L is a limited metric, this
suggests that unsupervised methods should be regarded as
interesting alternatives to explore in slide generation.

B. Results in SciDuet

In SciDuet, much like PS5K, tests with lower ratios have,
mostly, reached better ROUGE scores (see Table II), with the
precision better and the recall worse than the experiments with
higher ratio. The only difference lies in ROUGE-2, which
has better F-scores with higher ratios, for every method. This
suggests that SciDuet is better suited for shorter summaries,
with not as many important sentences as the summaries with
higher ratios, but showing more relevance, i.e., less sentences
that do not matter.

Furthermore, with this dataset, for ROUGE-1, the best
method is TF-IDF, while for ROUGE-2 and L is QueSTS HR.



Method ROUGE-1 ROUGE-2 ROUGE-L ROUGE-W
R P F R P F R P F R P F

TF-IDF 0346  0.175 0233 | 0.080 0.039 0.052 | 0314 0.160 0212 | 0.089  0.066  0.076
TextRank HR | 0.444 0.103  0.167 | 0.143 0.032 0.052 | 0412 0.096 0.155 | 0.118 0.039  0.059
TextRank LR | 0.323 0209  0.255 | 0.080 0.050 0.062 | 0316 0.202 0.247 | 0.091 0.086  0.088
QueSTS HR 0206 0306 0246 | 0.040 0.061 0.048 | 0.189  0.284  0.227 | 0.056 0.125  0.077
QueSTS LR 0.085 0403 0.140 | 0.013  0.071 0.022 | 0.079 0379 0.131 | 0.026  0.189  0.046
LexRank HR | 0.438  0.104 0.168 | 0.139  0.032 0.052 | 0407 0.097 0.157 | 0.116  0.040  0.060
LexRank LR 0313 0213 0253 | 0.074 0.050 0.060 | 0.288 0.196 0.233 | 0.083  0.082  0.083

LSA HR 0435 0.113  0.179 | 0.130  0.032 0.052 | 0.401 0.104 0.166 | 0.114 0.043  0.063

LSA LR 0270  0.250  0.260 | 0.050 0.048 0.049 | 0245 0.227 0235 | 0.071  0.097  0.082

LC HR 0.190 0312 0236 | 0.051 0.078 0.062 | 0.175 0.297 0220 | 0.051 0.188  0.080

LCLR 0381 0.143 0208 | 0.111  0.039 0.057 | 0351 0.133  0.193 | 0.100 0.062  0.077

TABLE (I) ROUGE-1, 2, L and W in dataset PS5K. LR corresponds to a lower ratio, and HR corresponds

to a higher ratio.

Method ROUGE-1 ROUGE-2 ROUGE-L ROUGE-W
R P F R P F R P F R P F

TF-IDF 0224 0.175 0196 | 0.023  0.018 0.020 | 0206  0.161 0.181 0.059  0.076  0.066
TextRank HR | 0.295  0.102  0.152 | 0.041 0.014  0.021 0274 0.095 0.141 0.076  0.043  0.055
TextRank LR | 0.187  0.197  0.192 | 0.017 0.019 0.018 | 0.171 0.183  0.177 | 0.050  0.088  0.064
QueSTS HR 0.187  0.201 0.194 | 0.024  0.020  0.022 | 0.175 0.189  0.182 | 0.051 0.093  0.066
QueSTS LR 0.097 0.275  0.143 | 0.009 0.023 0.013 | 0.090 0.259 0.134 | 0.029 0.142  0.048
Lexrank HR 0.297  0.102  0.152 | 0.040 0.014  0.021 0.276  0.095 0.141 0.077  0.043  0.055
Lexrank LR 0.196  0.194 0.195 | 0.019 0.020 0.019 | 0.182 0.181 0.181 | 0.053 0.087  0.066

LSA HR 0296  0.114  0.164 | 0.036  0.013  0.019 | 0273  0.105  0.151 0.076  0.048  0.059

LSA LR 0.164 0.212  0.185 | 0.011 0.016  0.013 | 0.149  0.194 0.168 | 0.044 0.094  0.060

LC HR 0.174  0.191 0.182 | 0.021 0.020  0.020 | 0.161 0.179  0.170 | 0.045 0.106  0.064

LCLR 0276  0.118 0.165 | 0.036 0.014 0.020 | 0.256  0.110  0.153 | 0.072  0.051  0.060

TABLE (II) ROUGE-1, 2, L, W in dataset SciDuet. LR corresponds to a lower ratio, and HR corresponds

ROUGE-W has its best results with TF-IDF, QueSTS HR and
LexRank LR.

However, looking at the best scores in related work [18]
using the same dataset, the best reported ROUGE-1, ROUGE-
2, and ROUGE-L scores are respectively 0.20, 0.05, and 0.19.
For ROUGE-1, methods such as TE-IDF (0.196), LexRank LR
(0.195) and QueSTS (0.194) perform very close to the state-
of-the-art (0.20). For ROUGE-2, every method outperforms
the best values obtained in the state-of-the-art. For ROUGE-
L, QueSTS HR (0.182), LexRank LR (0.181), and TF-IDF
(0.181) are very close to the best obtained (0.19).

C. Main conclusions

It is not an easy task to determine which is the best method
after the experiences presented in the sections above. This
happens because some methods do better than others in certain
metrics, and we cannot be certain which one is more relevant.
In the dataset PSS5K, the best performing method seems to be
TextRank, since it is the method that performs best in most
metrics. It is loosely followed by: LSA LR, LexRank LR,
QueSTS HR, LC HR, and TF-IDF. In the dataset SciDuet, the
best approaches are TF-IDF and QueSTS (their values are all
close), followed by LexRank LR, TextRank LR, LC HR, and
LSA LR.

As we can see, the best and worst performing methods
change a lot depending on the dataset, so choosing a method
that is generally the best is not possible. Because of that,
we had to try to determine which methods were, on average,
better. LC is in both one of the worst, so it was excluded. TF-
IDF is the best and the worst in different datasets, so it is also
not a reliable choice. This is also similar for LSA, which is the
second best in PS5k and the worst in SciDuet. That left us with
QueSTS, LexRank, and TexRank, which are all graph-based
and have quite similar results. Between the three, the best

to a higher ratio.

to worst order in PS5K is TextRank, LexRank, and QueSTS,
and in SciDuet it is QueSTS, LexRank, and TextRank. So,
we chose LexRank to continue our experiments, namely, slide
generation, since it is the one always in the middle, not the
worst, not the best.

V. SLIDE GENERATION

To complete the pipeline of slide generation, the sentences
of the generated summaries need to be organised into slides.
While a more complex strategy could be devised [13], [18],
and will be, in the future, we adopted a fairly simple one
for illustrating the process in this paper. Having in mind
that most textual documents contain sections, we rely on
their titles for defining slide topics. The sentences in the
summary are then grouped according to those topics, i.e., each
sentence is associated to the topic (section) under where it
was placed, in the original document. As a result, each slide
will feature a title (i.e., the title of the section) followed by
sentences selected from the original document, in their original
order. Each slide can only contain a configurable number of
sentences. If the text does not fit in a single slide, additional
text-only slides are made.

The datasets used on this paper are based on scientific
research and therefore present a lot of complex terms and
formulas. So, in order to present an example that everyone
can easily understand a simpler text was extracted. For this,
several articles from Wikipedia were chosen, all of which dealt
with topics that a large number of people are likely to be
familiar with. This will also make human evaluation easier
because even if people do not know a lot about the topic, they
can quickly read and understand the original article, which is
impossible to do with scientific articles that require a certain
level of expertise on the subject.

Experiments were made in both English and Portuguese, and
as expected the method was able to perform in both languages.



For illustrative purposes, Figure 1 shows the slides generated
with LexRank LR for the article “Europe”, in the English
Wikipedia.

It is important to remember that these slide decks are not
the final product, but merely an initial draft that can be later
improved. Humans can edit the slides in order to remove
or add some sentences; add figures and tables; rectify some
grammar and coherence problems in the text; etc.

VI. CONCLUSION

The objective of this work is to search for ways of creating
an initial draft of slide decks based on a document. This will
still require a human to review and edit the slides, but it
will provide a starting point and thus speed up the process of
creating slide decks. This will allow teachers who use slides
on a regular basis to be more productive and spend their time
on other projects.

In order to create the slide decks, we started by exploring
a variety of unsupervised summarization methods for slide
generation, with the goal of determining whether they are
viable alternatives for this purpose. Several methods of this
kind were tested in two datasets of scientific papers and their
associated slides, PS5K and SciDuet. Resulting summaries
were evaluated with the ROUGE metric and, when possible,
results were compared with those reported for supervised ap-
proaches in the same datasets. In both datasets, ROUGE scores
were in line with the state-of-the-art, which was outperformed
in a minority of metrics and methods. These are positive results
for approaches that do not require any training, suggesting that
they can be viable alternatives, especially when enough data is
not available, which is the case of slide generation for domains
other than scientific papers. The same applies for languages
other than English, because, to some extent, the unsupervised
methods are language-independent, even if some require an
external corpus for computing IDF scores.

In the future, the reported summarization experiments will
be reproduced for a range of supervised approaches, some
for extractive summarization (e.g., SVR [12]), and others for
abstractive (e.g., based on transformers [18]), including the
approaches originally applied to PS5K and SciDuet.

As for slide generation, this report presents a simple so-
lution, but that already shows a promising starting point. In
future work, these slides will be improved on, not only in the
text front, but also in the sense of adding figures and tables.

Furthermore, this study relied only on automatic evaluation
metrics, which are still limited because it cannot capture
certain properties of a good summary. This is even more
clear for slide presentations. Even if more time-consuming
and requiring more logistics, a better evaluation should be
performed by humans, who should better assess properties like
readability, coherency, conciseness, fluency, informativeness,
or consistency.

Regarding our final goal, the next step will be to submit
several slide decks to humans with easy subjects that they are
familiar with, in order to evaluate not only the summaries but
also the resulting slides.
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Fig. (1) Slides generated with LexRank for the article “Europe”, in the English Wikipedia, as of June, 19, 2022. Read from

left to right.

History

The earliest sites in Europe dated 48,000 years ago are Riparo Mochi (Italy), GeissenklGsterle (Germany)
and Isturitz (France).The European Neolithic period—marked by the cultivation of crops and the raising of
livestock, increased numbers of settlements and the widespread use of pottery—began around 7000 BCE
in Greece and the Balkans, probably influenced by earlier farming practices in Anatolia and the Near East.
During this period giant thi such as the Temples of Malta and Stonehenge,
were constructed throughout Western and Southern Europe.The European Bronze Age began c. 3200 BCE
in Greece with the Minoan civilisation on Crete, the first advanced civilisation in Europe.

In the course of the Sth century BCE, several of the Greek city states would ultimately check the
Achaemenid Persian advance in Europe through the Greco-Persian Wars, considered a pivotal moment in
world history, as the 50 years of peace that followed are known as Golden Age of Athens, the seminal
period of ancient Greece that laid many of the foundations of Western civilisation.

Expanding from their base in central Italy beginning in the third century BCE, the Romans gradually
expanded to eventually rule the entire Mediterranean Basin and Western Europe by the turn of the
millennium.

Renaissance thinkers such as Petrarch would later refer to this as the "Dark Ages".Isolated monastic
communities were the only places to safeguard and compile written knowledge accumulated previously;
apart from this very few written records survive and much literature, philosophy, mathematics and other
thinking from the classical period disappeared from Western Europe, though they were preserved in the
east, in the Byzantine Empire While the Roman empire in the west continued to decline, Roman traditions
and the Roman state remained strong in the predominantly Greek-speaking Eastern Roman Empire, also
known as the Byzantine Empire.

« In the 19th century, 70 million people left Europe in migrations to various European colonies
abroad and to the United States.

« Economic instability, caused in part by debts incurred in the First World War and 'loans' to
Germany played havoc in Europe in the late 1920s and 1930s.

* World War |, and especially World War Il, diminished the eminence of Western Europe in
world affairs.

« After World War Il the map of Europe was redrawn at the Yalta Conference and divided into
two blocs, the Western countries and the communist Eastern bloc, separated by what was later
called by Winston Churchill an "Iron Curtain”

« The United States and Western Europe established the NATO alliance and, later, the Soviet
Union and Central Europe established the Warsaw Pact.

« This made old previously interrupted cultural and economic relationships possible, and
previously isolated cities such as Berlin, Prague, Vienna, Budapest and Trieste were now again in
the centre of Europe.European integration also grew after World War II.

« Between 2004 and 2013, more Central European countries began joining, expanding the EU
to 28 European countries and once more making Europe a major economical and political centre
of power.

« The Russo-Ukrainian conflict, which has been ongoing since 2014, steeply escalated when
Russia launched a full-scale invasion of Ukraine on 24 February 2022, marking the largest
humanitarian and refugee crisis in Europe since the World War Il and the Yugoslav Wars.

Economy

The Industrial Revolution started in Europe, specifically the United Kingdom in the late 18th century, and
the 19th century saw Western Europe industrialise.

By the millennium change, the EU dominated the economy of Europe comprising the five largest European
economies of the time namely Germany, the United Kingdom, France, Italy and Spain.

+ Christianity, including the Roman Catholic Church, has played a prominent role in the shaping
of Western civilization since at least the 4th century, and for at least a millennium and a half,
Europe has been nearly equivalent to Christian culture, even though the religion was inherited
from the Middle East.

* In 2012 Europe had the world's largest Christian population.The second most popular religion
is Islam (4.9%) concentrated mainly in the Balkans (Albania and Bosnia and Herzegovina) and
transcontinental countries located at the boundary of Europe and Asia (Azerbaijan, Kazakhstan
and Turkey.

+ Europe has become a relatively secular continent, with an increasing number and proportion
of irreligious, atheist and agnostic people, who make up about 18.3% of Europe's population,
currently the largest secular population in the Western world.

« This led in 962 to the founding of the Holy Roman Empire, which eventually became centred
in the German principalities of central Europe.East Central Europe saw the creation of the first
Slavic states and the adoption of Christianity (c. 1000 CE).

+ During the High Middle Ages the population of Europe experienced significant growth,
culminating in the Renaissance of the 12th century.

+ Europe was devastated in the mid-14th century by the Black Death, one of the most deadly
pandemics in human history which killed an estimated 25 million people in Europe alone—a
third of the European population at the time.The plague had a devastating effect on Europe's
social structure; it induced people to live for the moment as illustrated by Giovanni Boccaccio in
The Decameron (1353).

+ Ayear later England tried unsuccessfully to invade Spain, allowing Philip Il of Spain to
maintain his dominant war capacity in Europe.

+ The defeat of the Ottoman Turks at the Battle of Vienna in 1683 marked the historic end of
Ottoman expansion into Europe.The 17th century in central and parts of eastern Europe was a
period of general decline; the region experienced more than 150 famines in a 200-year period
between 1501 and 1700.

Geography

The water of the Mediterranean extends from the Sahara desert to the Alpine arc in its northernmost part
of the Adriatic Sea near Trieste.In general, Europe is not just colder towards the north compared to the
south, but it also gets colder from the west towards the east.

The geological history of Europe traces back to the formation of the Baltic Shield (Fennoscandia) and the
Sarmatian craton, both around 2.25 billion years ago, followed by the Volgo-Uralia shield, the three
together leading to the East European craton (= Baltica) which became a part of the supercontinent
Columbia.

Europe's most significant feature is the dichotomy between highland and mountainous Southern Europe
and a vast, partially underwater, northern plain ranging from Ireland in the west to the Ural Mountains in
the east.

Although over half of Europe's original forests disappeared through the centuries of deforestation, Europe
still has over one quarter of its land area as forest, such as the broadleaf and mixed forests, taiga of
Scandinavia and Russia, mixed rainforests of the Caucasus and the Cork oak forests in the western
Mediterranean.

Biodiversity is protected in Europe through the Council of Europe's Bern Convention, which has also been
signed by the European Community as well as non-European states.

Demographics

The population of Europe has grown in the past century, but in other areas of the world (in particular
Africa and Asia) the population has grown far more quickly.

2.4 million immigrants from non-EU countries entered the EU in 2017.Early modern emigration from
Europe began with Spanish and Portuguese settlers in the 16th century, and French and English settlers in
the 17th century.

The Council of Europe Framework Convention for the Protection of National Minorities and the Council of
Europe's European Charter for Regional or Minority Languages set up a legal framework for language
rights in Europe.

Historically, religion in Europe has been a major influence on European art, culture, philosophy and law.
The notion of "Europe” and the "Western World" has been intimately connected with the concept of
"Christianity and Christendom"; many even attribute Christianity for being the link that created a unified
European identity.Historically, Europe has been the centre and "cradle of Christian civilization".

Culture

"Europe" as a cultural concept is substantially derived from the shared heritage of ancient Greece and the
Roman Empire and its cultures.

Different cultural events are organized in Europe, with the aim of bringing different cultures closer
together and raising awareness of their importance, such as the European Capital of Culture, the European
Region of Gastronomy, the European Youth Capital and the European Capital of Sport.



