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Abstract—In this paper, we present a business intelligence (BI)
toolkit based on natural language processing (NLP) methods
for the arts and culture domain, collected in the Measuring
the Social Dimension of Culture (MESOC) project. The main
NLP methods in the underlying pipeline are keyword extraction,
multi-label classification of texts, and detection of potential social
impacts of cultural policies and practices, all trained on texts
from open-access academic publications. The MESOC Toolkit
is a georeferenced visualization tool for analyzing impact on
social value creation in the areas of health and well-being, urban
regeneration, and social cohesion, and enables semantic search
for content in the MESOC domain. Therefore, the presented
research can serve as a prototype for measuring societal value
by identifying recurrent pathways of transformational processes
in society that reach beyond the selected field of art and culture.
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I. I NTRODUCTION
The main objective of business intelligence (BI) is to enable
informed decision making by integrating strategic information
from different data sources - internal or external, structured
or unstructured [32], [2]. BI has traditionally focused on
analyzing internal data for business analysis, most of which
is stored in well-structured relational databases [25]. Today,
in the wake of the data deluge caused by the big data
phenomenon, BI must also consider external and unstructured
data such as documents, web pages, social networks, short
messages, user-generated ratings and comments, sensor data,
etc. [17], [25], [2], [33]. Therefore, in addition to traditional
multidimensional data processing, modern BI requires the integration of advanced artificial intelligence methods, especially
for processing unstructured data.
Natural language processing (NLP) is a subfield of artificial
intelligence that aims to process and ultimately understand
natural language in written or spoken form [24], hence processes the unstructured data. NLP combines methods from
computer science - machine and deep learning, statistics and
linguistics or computational linguistics [24] to solve various
tasks: keyword extraction [5], [6], topic modeling [9], text
classification [27], automatic text summarization [1], sentiment
analysis [4], named entity recognition [7], etc.
In this paper, we present the BI toolkit powered by the NLP
pipeline for the arts and culture domain captured in the Mea-

suring the Social Dimension of Culture (MESOC) project. The
core of the project is MESOC Toolkit, based on NLP models
trained on texts from open source academic papers published
in peer reviewed journals or at international conferences that
address the societal impacts of cultural policies and practices
[10].
This paper is structured as follows: Section II provides an
overview of the background and related work; Section III explains the NLP methods used in the NLP pipeline; Section IV
presents the implementation details of the MESOC Toolkit
web application with an overview of the documents used,
while concluding remarks and directions for future research
are presented in Section V.
II. BACKGROUND AND R ELATED WORK
The Measuring the Social Dimension of Culture (MESOC)
project is a Horizon 2020 Research and Innovation Action
that aims to propose, test and validate an innovative and
original approach to measuring the societal value and impact
of culture, cultural policies and cultural practices. Three main
categories of societal impact are defined as follows: impacts
on personal well-being, including improvements in physical
and mental health; impacts on communities and social cohesion, associated with people’s more intensive participation
- both ”passive” and ”active” - in cultural activities; and
impacts on urban regeneration and transformation, triggered
by private and/or public investment in cultural assets (tangible
or intangible) such as museums and exhibitions. The decision
to choose these three impact categories stems from the New
European Agenda for Culture [20], which explicitly focuses on
the so-called ”crossover processes” combining knowledge and
skills specific to the cultural and creative sectors with those
of other sectors in order to develop innovative and intelligent
solutions to today’s societal challenges, as originally outlined
in the conclusions of a thematic EU Council (2015) [18], [19].
The focus of this research is placed around the 10x3
MESOC matrix, which cross-references three main social
impact domains (Health and Well-being; Urban Renovation;
Social Cohesion or People’s Engagement and Participation)
as three columns of the matrix to the cultural sectors. The
rows of the matrix list ten cultural sectors that were included
in the 2009 UNESCO Framework of Cultural Statistics [34]
- which were partially, but not fully, included in the 2012

ESSnet-Culture Framework report by EUROSTAT [22]. The
cultural sectors cover the main areas in which arts and culture
operate, namely: 1. Heritage, 2. Archives, 3. Libraries, 4. Book
and Press, 5. Visual Arts, 6. Performing Arts, 7. Audiovisual
and Multimedia, 8. Architecture, 9. Advertising and 10. Art
Crafts.
Therefore, the central goal of this research, is to provide
policymakers and decision-makers with a tool to gain insight
into the potential societal impacts of arts and culture initiatives,
which are organized into three domains of the New European
Agenda.
The MESOC Toolkit was developed using a selection of
academic literature related to arts and culture that reflected the
three categories of interest. For example, the link between arts
and culture and health and well-being was explored starting
with the seminal work of [28]. The interplay between urban
and territorial regeneration and renovation and arts and culture
gained a lot of attention, also starting from the groundbreaking
European Capitals of Culture initiative [21]. Finally, increased
social cohesion through the promotion of consumer/prosumer
engagement and participation is also supported by the Council
of Europe’s Indicator Framework on Culture and Democracy
[19].
III. M ETHODS
The MESOC Toolkit is based on an underlying pipeline of
NLP tasks for the arts and culture domain that are captured in
the MESOC project documents. Processing of the documents
begins with conversion from PDF (Portable Document Format)
to text file type. Next, we determine the language of the text
and translate it into English using the Google API for machine
translation. Next, we remove cited references and clean up
the noise introduced by the PDF to text format conversion.
Unsupervised keyword extraction is the central part of the
NLP pipeline, as elaborated in subsection III-A. The set of
extracted keywords contains the most salient information from
the processed texts and serves as input for the multi-label
text classification described in III-B and the similarity search
described in III-C. Finally, the core functionality for detection
and analysis of derived impacts is elaborated in III-D.
A. Keyword Extraction
After preprocessing the text file, the Python library pke was
used to extract keywords from the text. Pke is an open-source
Python-based keyphrase extraction toolkit which provides an
end-to-end keyphrase extraction [11] containing multiple different supervised and unsupervised keyphrase extraction models, such as tf-idf, YAKE [15], TextRank [30], and KEA [35].
In this work, we use an unsupervised keyphrase extraction
model - YAKE [15]. Yet Another Keyword Extractor (YAKE)
[15] uses statistical features of the single text document to
identify the most important words - keywords [5], [6]. The
algorithm consists of five steps: preprocessing the text and
identifying term candidates, extracting features, computing the
score for terms, generating n-grams and computing the score

for term candidates, deduplicating data, and finally ranking the
keywords.
In the first step, the algorithm applies typical preprocessing
procedures such as cleaning the text, dividing it into sentences,
annotating the text, tokenizing it, and identifying and removing
stop words. First, the text is divided into sentences and then
into chunks formed by tokens within each sentence, where
each token is converted to lowercase and annotated depending
on whether the token is a digit, unparsable content, acronym,
uppercase letter, or other parsable content. In the feature
extraction step, the algorithm iterates through the sentences
and their corresponding chunks and splits the chunks into
annotated tokens. For each token, a set of five features is
computed. These features are: Tcase , which reflects the capitalization of the term, giving higher importance to terms in
uppercase form, Tposition , which reflects the position of the
term within the sentence, giving higher importance to terms
that occur at the beginning of the sentence, T Fnorm , which
focuses on the frequency of the term within the document, but
where the value of the term frequency is divided by the mean
of the frequencies plus one times their standard deviation,
with the goal of preventing bias toward higher frequencies in
long documents. The next feature is TRel , which is computed
depending on the terms surrounding the observed token. Here,
terms that coexist with a higher number of unique tokens in
the observed window are assigned lower values. The final
feature is Tsentence , which indicates how often a candidate
term occurs in different sentences. In the next step, for each
term and its corresponding features, a unique score S(t) is
computed using the following formula:
Trel · Tposition
.
Tcase + T FTnorm
+ Tsentence
Trel
rel

(1)

After computation, the algorithm creates a list of keyword
candidates by generating a contiguous sequence of terms up
to n-grams over a sliding window of n. For each candidate
term kw, the following score is assigned:
S(kw) =

Πt∈kw S(t)
P
KF (kw) · (1 + t∈kw S(t))

(2)

where kw represents a candidate keyword of one or more
terms and S(kw) represents the final score. KF (kw) represents the frequency of the candidate keyword. The lower
the S(kw) score, the more relevant the candidate keyword
candidate is.
After determining the ranking of candidate keywords, the
final step of data deduplication and ranking is performed.
The candidate keywords are added to a new list depending
on their relevance. After each candidate keyword is added, it
is semantically compared with each more suitable candidate
keyword that was previously added to the list. If the semantic
similarity is above a certain threshold, which means that this
keyword has already been recognised, the keyword candidate
is discarded. After manually reviewing the results, we decided
to extract the top 30 4-gram keywords with a window of 18
and a deduplication threshold of 0.95.

B. Multi-label Classification

C. Similarity Search

A prerequisite for document analysis is the determination
of the societal impact domains and cultural sectors of the
document, i.e., the columns and rows of the MESOC matrix.
This problem is formulated as a multi-label classification task
in 30 classes (10 cultural sectors and 3 domains of the MESOC
matrix). Multi-label classification is inherently a challenging
problem, but the difficulty is further compounded by the
relatively small number of documents in the dataset [24],
[26], [27]. To minimize this problem, we have chosen a nonstandard approach to multiclass classification of texts: First, we
classify the document into 3 cultural sectors, then we perform
a classification into 10 domains, and finally we multiply the
obtained class probability vectors to calculate the final class
probabilities. In this way, we reduced the scale of multiclass
classification into 30 classes to a simpler classification with 3
and 10 classes respectively.
Formally, let Pr ∈ R10 be the vector of probabilities for
each domain and Pc ∈ R3 be the vector of probabilities
for each cultural sector. The probabilities for each of the 30
classes are then calculated as P = Pr Pc . Before computing the
probability matrix P , we set a threshold to filter out columns
and rows with low probabilities and redistribute these values
evenly among the remaining classes.
To obtain vectors Pc and Pr , we trained a Random Forest
classifier using the scikit-learn Python library on keywords
extracted from the documents [12][14] and compared the
results with labels assigned by human experts. To avoid
overfitting, both models were evaluated using 10-fold crossvalidation.
Tables I and II show F1 results obtained using Random
Forest models trained to predict cultural sectors, and societal
impact domains respectively. Results are presented as macro
F1 scores averaged over 10 folds. The obtained classification
probabilities are used for the heat map visualized in Figure 2.

Similarity between documents is calculated as Jaccard similarity [1] between a set of keywords from one document and
a set of aggregated keywords from every other document that
has the same impact or societal domain and cultural sector.
Note that the keywords are determined as described in III-A.
Let Kr,c be the set of keywords from document d describing
cultural sector r and impact domain c, and K be the set of
aggregated keywords from every other document describing
the same domain and cultural sector. Similarity is thus defined
as:
|K ∩ Kr,c |
.
(3)
J(K, Kr,c ) =
|K ∪ Kr,c |

Cultural sector
Heritage
Archives
Libraries
Books and Press
Visual Arts
Performing Arts
Audiovisual and Multimedia
Architecture
Advertising
Art crafts
TABLE I

F1 score
0.97
0.97
0.93
0.93
0.95
0.93
0.94
0.95
0.93
0.97

C LASSIFICATION RESULTS IN TERMS OF MACRO AVERAGED F1 SCORES
FOR 10 CULTURAL SECTORS .

Societal impact domain
Health and Well-being
Urban and Territorial Renovation
People’s Engagement and Participation
TABLE II

F1 score
0.96
0.93
0.95

C LASSIFICATION RESULTS IN TERMS OF MACRO AVERAGED F1 SCORES
FOR 3 SOCIETAL IMPACT DOMAINS .

If we are interested in similarity according to a particular
impact i, instead of using set Kr,c , we would aggregate the
keywords from each document that has the same impact i.
In both cases, we exclude documents that are georeferenced
to the same location. The integration of similarity search into
Tookit is visualized in Figure 4.
D. Impact Generation
At this final stage of the NLP pipeline, we apply our impact
generation and semantic expansion method defined in [10].
The method starts with the initial definition of 100 possible
societal impacts defined by a domain expert, and expands
their semantic neighborhoods using word2vec embeddings [3],
cosine similarity, and K-means clustering. For each impact, a
single vector representation was computed by averaging the
individual word vector representations captured by the impact.
After all bigrams and trigrams are extracted from the dataset,
a single vector representation is computed for each of these
n-grams by averaging the single word vector representations
associated with each n-gram. Next, the method creates a list
of similar extracted n-grams for each impact by calculating
semantic similarity using a cosine similarity measure with a
threshold of 0.8. To determine the groups of similar impacts,
with the aim of avoiding overlaps between their corresponding
n-grams, the method uses K-means clustering. After determining the clusters and the final list of impacts with their corresponding most similar n-grams (i.e. the semantic expansion
of the impact), the method can automatically annotate new
documents. For each new document, the method extracts all
bigrams and trigrams and matches them with n-grams in the
semantic expansion of different impacts. For each match, the
method detects the corresponding impact for the document and
annotates it. The example of the detected impacts is visualized
in Figure 3.
IV. I MPLEMENTATION
Next we provide a brief overview of the dataset used and
the architecture of the toolkit implementation in the form of
a responsive web application.

A. Dataset
The document corpus (i.e., full texts of scientific papers)
on the topic of arts and culture contains 573 open-access
documents retrieved from academic databases.
Documents are selected by 10 cultural areas according to
the UNESCO-EUROSTAT classification [22], [34] and stored
in a repository for further experimentation. The length of
all 573 documents ranged from 859 characters or 172 word
tokens to 696,182 characters or 124,976 word tokens, with
an average of 49,894 characters and 8,936 word tokens per
document. The dataset is very unbalanced in terms of cultural
sectors and societal impact domains, i.e., the classes used in
the multi-label classification. To solve this problem, the minority classes were oversampled using the SMOTE technique
[16]. Before we proceed with the generation and semantic
expansion of impacts, the documents are preprocessed. The
first step of preprocessing is the conversion from PDF to
text format [29]. PDF conversion produces a lot of noise
and unusable characters due to the nature and structure of
PDF documents. The problem is solved by removing common
abbreviations, hyperlinks, email addresses, phone numbers and
unprintable characters, while also cleaning up errors with
hyphens, different quotation marks and multiple whitespaces.
The second phase of preprocessing involved tokenization of
documents, removal of stop words, and normalization. The
list of stop words that were removed from the texts came from
the Python Natural Language Toolkit (NLTK) [8]. The final
step of preprocessing involved lemmatization of the tokens.
Lemmatization takes into account the morphological analysis
of the tokens and provides a word lemma or base form for all
inflected forms of the word. For this last step, we use WordNet
Lemmatizer [23] from the NLTK library.

screen with the central visualization element - the heatmap in
the form of the MESOC 10x3 matrix shown in Figure 2. The
heatmap is the result of the automatic multi-label classification
as part of the NLP pipeline, where classification probabilities
are used to visualize and color the cells of the heatmap. From
the example presented for the city of Liverpool, it can be seen
that documents are linked to libraries and health and wellbeing by 53% and visual art by 22%.
Fig. 1. Map with geo-located academic studies.

B. Architecture
The MESOC Toolkit is implemented as a web application
structured as a React application (the frontend), and as a
REST API (the backend) written in Django Rest Framework
that provides functionality to the frontend. In this way, the
core backend functionality is decoupled from the frontend and
can be used by other applications. Documents are parsed by
running them through the NLP pipeline (as explained in the
Section III), where at each step a worker process performs
a specific task (e.g. keyword extraction, impact generation,
etc.). The worker processes are local to the backend, and there
can be multiple instances running. Communication with the
Django application is done through the Redis database, which
serves as a message queue.
C. Results
The MESOC Toolkit is a georeferenced visualization tool
for the semantic search of documents in the MESOC domain
of arts and culture and the analysis of their impact on the
societal domains. The Figure 1 shows the main screen with
georeferenced academic studies pinned on the map of Europe.
The map is the entry point for the user inquiry. After selecting
the desired location, the user is redirected to the analytical

After selecting the health and well-being column in the
heatmap, the list of detected impacts is displayed in Figure 3.
The ”strength” of the detected impact (e.g., ”More availability
to engage in health education” - 81%) is used to rank the
identified impacts. The toolkit also allows for an explanation of
how the impact was derived by listing the semantic expansion
used to generate the impact for the document.
Finally, the user can retrieve documents that are similar
either in content or in terms of derived impact, as shown in
Figure 4.
V. D ISCUSSION AND C ONCLUSION
In this paper we present a MESOC Toolkit - a georeferenced
visualization BI (busines intelligence) tool based on natural
language processing (NLP) methods. The main NLP methods
in the underlying pipeline are keyword extraction, multi-label
text classification, and automatic detection of potential social
impacts of cultural policies and practices. The integrated NLP
methods were trained with texts from open-access academic
publications in the domain of arts and culture collected as part

Fig. 2. Heat map - Mesoc Matrix: classified documents for the city of
Liverpool.

Fig. 3. Impact on the well-being for the studies reported on the city of
Liverpool.

Fig. 4. Similar studies for the selected impact of reduced depression.

The toolkit also enables semantic search for related documents
based on the content of the documents and the identified
impacts. Therefore, the research presented can serve as a
prototype for measuring societal value by identifying recurrent
pathways of transformational processes in society that extend
beyond the selected domain of arts and culture.
In the future, we plan to expand the toolkit functionalities
by adding more explanations on how impacts are derived; the
detection of variables that are indicators of possible pathways
of transformation processes in society; the collection of user
feedback regarding the correctness and usefulness of automatically generated content and generated analytical insights that
can be utilized to facilitate the retraining of machine-learned
models and their evaluation.
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modelling of Croatian news during COVID-19 pandemic. In 2021 44th
International Convention on Information, Communication and Electronic
Technology (MIPRO), pp. 1044-1051. IEEE. 2021.
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