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ABSTRACT
The COVID-19 pandemic is changing daily routines for many citizens with a
high impact on the economy in some sectors. Small-medium enterprises of some
sectors need to be aware of both the pandemic evolution and the corresponding
sentiments of customers in order to figure out which are the best commercialization
techniques. This article proposes an expert system based on the combination of
machine learning and sentiment analysis in order to support business decisions
with data fusion through web scraping. The system uses human-centric artificial
intelligence for automatically generating explanations. The expert system feeds from
online content from different sources using a scraping module. It allows users to
interact with the expert system providing feedback, and the system uses this feedback
to improve its recommendations with supervised learning.

Subjects Data Mining andMachine Learning, Natural Language and Speech, Network Science and
Online Social Networks
Keywords Machine learning, Pandemics, COVID-19, Sentiment analysis, Decision support system,
Business intelligence

INTRODUCTION
The applications of sentiments analysis has been widely applied for dealing with
COVID-19 pandemic (Alamoodi et al., 2020). These applications analyze the sentiments
for different outbreak incidents using social medial. This information has been considered
valuable for mitigating the pandemic with several approaches for making citizens
aware of the situation for accepting social restrictions, obtaining successful results.
However, the existence of different sources requires data fusion for handling all the data
together.

Although this approach is designed for pandemics in general, it has only been tested
during COVID-19 pandemic. Thus, it may only be applied in pandemics with similar
features to COVID-19. In particular, the two key aspects are probably the mortality in the
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different age ranges and the ways of transmission. The former aspect can influence on the
perceived risk of the different population groups considering ages, and consequently in
the economic activities related to these age groups. The latter aspect about ways of
transmission may influence on the restrictions imposed by governments and consequently
on the different related economic sectors.

The impact of COVID-19 on economics has been outrageous in most countries, as
highlighted for example for India and developing countries (Singh & Misra, 2020), in the
first half year of the pandemics. However, economics are evolving and adapting for the
circumstances of pandemics, conforming a new emerging economics field concerning
global COVID-19 pandemic (Zhang & Ramse, 2020), which is now being researched and
taugh in prestigious institutions such as Shanghai Business School and George Fox
University.

Machine learning (ML) has been widely applied for sentiment analysis with different
approaches (Wang et al., 2021), including supervised ML, gradual ML, using many
different techniques such as support vector machines (SVM), random forest (RF),
multilayer perceptrons (MLPs) and deep neural networks (DNN). In particular, the keys
are which document features to use and how to reduce the manual labeling effort when
facing a new domain or context.

Although sentiment analysis has shown its utility in business decision-making such as
investment strategies (Petit, Lafuente & Vieites, 2019) and gaining business insight through
Twitter analysis (Reyes-Menendez, Saura & Filipe, 2020), the pandemic outbreaks are
deeply changing the business models and ecosystems (Anker, 2021). Some businesses are
adapting to the new circumstances, while others are closing down. The literature still
lacks appropriate methodologies and studies on how to apply sentiment analysis in the
context of pandemics, to discover new opportunities related with the real-time
circumstances of pandemic and the associated restrictions.

The assessment of business strategies usually measures performance as profits and
number of sales to determine which products or services are more successful. This is
already well studied and analyzed in previous works such as (Mokhtar & Wan-Ismail,
2012). However, this continuously changing scenario of pandemics may not rely only in
past history as the circumstances are rapidly changing. This article aligns with the line of
works that argue that sentiment analysis can bring some light in business decisions for
anticipating which products and services may be more successful in new circumstances
(Oppong et al., 2019).

Human-centered artificial intelligence (HAI) supports the automatic generation of
explanations for the decisions suggested by ML. ML techniques such as deep learning
(Gao, Wang & Shen, 2020c) usually provide classification results without explanations
about the reasons behind such classifications. However, among others, Bryson &
Theodorou (2019) stated that the generation of explanations of HAI is necessary for the
long-term stability of society, for reaching wise decisions based on proper supervision of
the automatically suggested decisions based on the underlying reasons. For instance, the
explainable MLP provides estimated reasons of each decision based on the analysis of
learned neuron weights (García-Magariño, Muttukrishnan & Lloret, 2019).
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In this line of research, this work proposes a novel approach for applying sentiment
analysis using data fusion for reinforcing and empowering companies in pandemics
situations so that economy can improve in this context with HAI. This approach can be
useful especially for small and medium enterprises (SMEs) that are looking for new
strategies to survive.

The remainder of this paper is organized as follows. Next section introduces the most
relevant related work, highlighting the gap of the literature that is covered by the current
work. ‘ML Scraping Tool for Monitoring Sentiments about Pan-demics’ presents the
proposed approach based on a scraping tool with supervised ML for identifying business
opportunities based on sentiment analysis on combinations of certain business decisions
and pandemic circumstances. ‘Experimentation’ describes the experimentation of this
approach illustrated with two different case studies respectively about a bar business and
an information technology (IT) business. Finally, ‘Conclusion and Future Work’mentions
the conclusions and the future research lines.

RELATED WORK
Some sentiment analysis tools use ML. For instance, the system of Sharma & Sharma
(2020) performed sentiment analysis on Twitter to predict public emotions with ML. Their
goal was to identify behavioral attributes of individuals based on their activity in social
media.

Sentiment analysis has been used for many different applications. One of its main
applications is the analysis of the citizens’ sentiments about political aspects. For example,
Kinyua et al. (2021) used sentiment analysis and ML for analyzing the impact of president
Trump’s tweets.

Several works apply ML for sentiment analysis. In these works, normally ML requires
input from documents labeled with sentiments. As Wang et al. (2021) recently indicated,
one of the key challenges is to reduce the initial effort of manually labeling the initial corpus
with emotions. More concretely, they focused on the aspect-level sentiment analysis. They
applied gradual ML in which easy instances are automatically inferred, based on an
estimated certainty. Hard cases were manually labeled in small stages. Their results were
competitive in comparison with DNN approaches.

In the fields of ML and sentiment analysis, most works use public resources. For
instance, Twitter messages are commonly used, as one can observe in the work by Soumya
& Pramod (2020). They applied the common ML techniques of SVM, random forest (RF)
and naive Bayes. They used document features considering bag of words, terms frequency,
inverse document frequency, Unigram with Sentiwordnet and negation of words. In
addition, Ghiassi & Lee (2018) also used Twitter information for showing their approach
with transferable lexicon in supervised ML for achieving high accuracy in sentiment
analysis considering specific domains. The feature selection usually depended on the
domain and its selection was challenging in general. They extracted a small Twitter specific
lexicon set, and showed that the usage of this set was useful for sentiment analysis in
Twitter regardless of specific domains.
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Sentiment analysis is well-known for its capacity in supporting business decisions.
For instance, analysis of investors’ sentiments can be useful in supporting business
decisions based on the need of investments on certain decisions related with specific
products. More concretely, Petit, Lafuente & Vieites (2019) applied principal component
analysis (PCA) on web searches to shape profiles of investors and their sentiments towards
certain aspects. As further described by Reyes-Menendez, Saura & Filipe (2020),
exploratory sentiment analysis supports marketing challenges gaining business insights.
They used the tweets from hashtag “#MeToo” and used supervised learning with SVM.
They found the importance of gender equality and inclusiveness in marketing.

Business activity is one of the major concerns in COVID-19 pandemic. First, Europe is
planning the post-COVID agenda for the research in business and management (Anker,
2021). Business ecosystems have suffered deep changes as one can observe in the
underlying market circumstances and the boundary conditions between business and
society. The consumer values have changed to a new era of selflessness. Supply chains
splitting have accelerated with pandemics, conforming new supply mechanisms and
structures. The constant possibility of disruption as new normal has changed both the way
of consuming and the business strategies. Cloud computing has showed to be effective
to solve problems related to COVID-19 (Singh et al., 2021) such as the needs raised by
people working on their homes communicating and collaborating online. This has been
especially useful in the healthcare domain. This implies the need of cloud datacenters with
the corresponding needs of energy, which can be addressed with renewable energy sources
(Gao, Wang & Shen, 2020b). In this context, ML has been applied for the prediction of
workload in cloud computing (Gao, Wang & Shen, 2020a). Although computing power
needs of COVID-19 are being properly handled in the literature, the literature misses to
provide decision support systems for assisting small local companies in addressing the new
challenges of adapting their services and products. Another relevant aspect is how to
nominate the new concepts related to COVID-19 in order to apply natural language
processing over the text related to COVID-19. In this context, Alag (2020) proposed a
COVID-19 ontology related to clinical trials. This aligns with the existing literature about
ontology frameworks (Gheisari et al., 2021), in which the used ontology is key in properly
analyzing texts. Nevertheless, none of these works about ontologies have been used in
the context of business strategies for supporting companies in adapting their strategies in
pandemics.

Several works highlight the role of sentiments during the pandemic. For instance,
Buckman et al. (2020) indicated that COVID-19 pandemic was causing disruptions in
economic activity, stating their proposed Daily News Sentiment Index was a useful real-time
indicator. They compared their index with survey-based consumer sentiment. In the same
line, Nemes & Kiss (2021) used sentiment analysis over social media on COVID-19
circumstances. They applied natural language processing techniques combined with a
recurrent neural network for sentiment classification. Although these works support that
automatic sentiment analysis can bring real-time useful information in COVID-19 changing
scenarios like in our work, these works did not provide a methodology for exploring
and selecting service/products to sell based on this information, as our current work does.
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HAI is argued to be necessary in scenarios related to pandemics, including the
customers’ preferences in medical affairs and ethics in the transformed society in
COVID-19. More concretely, in the medical affairs, Bedenkov et al. (2021) explicitly
argued the need of HAI for extracting useful information of data sets conformed of
conversations with customers. HAI could provide useful information with proper
explanations regarding certain aspects. However, they did not provide any specific
implemented system for the identified needs. In the field of ethics, Wilthagen et al. (2020)
discussed the advantages and drawbacks of ML in delicate decisions, and the possibility of
unperceived discrimination cases if not using proper HAI. However, this work did not
propose an actual application of HAI for supporting business growth in pandemics
circumstances, as the current work does. Furthermore, HAI has been applied for supporting
the decisions of policy makers and stakeholders concerning food security with simulated
scenarios considering different conditions (How, Chan & Cheah, 2020). Nevertheless, this
work neither considered sentiments, pandemics nor private businesses when designing their
decision-support system with HAI. Therefore, none of these works developed a system for
supporting business decisions with HAI in the context of pandemics.

In summary, ML has been widely used for sentiment analysis. Most of these works
explore sentiments based on social media and other online resources, being Twitter one
of the most common resources. Domain has been proved to be essential in the selection of
the document features. Sentiment analysis has prove n to be crucial in business, and
business organizations and strategies are deeply changing with the current COVID-19
pandemic. Nevertheless, the literature lacks of the works that actually address the
incorporation of sentiment analysis in business strategies specifically designed to take
advantages of the new business opportunities in the COVID-19 pandemic context, for
achieving the common goal of business survival in the current pandemic, especially in
SMEs. The current work covers this gap of the literature, by proposing a ML scraping tool
for monitoring sentiments of the real-time pandemic circumstances to support business
decisions with explanations generated with HAI.

ML SCRAPING TOOL FOR MONITORING SENTIMENTS
ABOUT PANDEMICS
In this approach, we propose a scraping tool for analysing online content about pandemic
from different sources for implementing a decision support system (DSS) that helped
businessmen and entrepreneurs in deciding how to initiate new businesses or maintain
existing ones.

Figure 1 presents the block diagram of the proposed approach for generating and using
the scraping tool that is used to support decisions. The first step was to identify the
keywords of the business, which depended on its specific domain. The application asked
each user to enter either these keywords or a paragraph indicating the most relevant
aspects. In the latter option, the tool extracted a set of relevant words.

The next step was to identify the words from the pandemics that were most related with
the selected keywords. For this purpose, the tool departed from a pool of words related
to pandemics, and performed an online analysis of which words were most related in
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Figure 1 Block diagram of the scraping tool. Full-size DOI: 10.7717/peerj-cs.713/fig-1
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several web pages about news. For this purpose, the tool use d the Selenium library for
searching on different websites which pairs of words (formed by one business keyword and
one pandemic keyword) are most frequent.

After this, the tool performed a sentiment analysis on social media to determine the
sentiments about the pandemic keywords most related with the business alone or in
combination with the business keywords. This information was useful information for
taking decisions, and the relevant outputs were presented to the user. The tool fed from
data provided by the Social Mention website (http://socialmention.com). Figure 2 shows
an example of the social information used for a bar business, and the information extracted

Figure 2 Sentiment analysis in social media about a pair of keywords related respectively with
pandemic and a business. Full-size DOI: 10.7717/peerj-cs.713/fig-2
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for the particular combination of “restriction” in the context of pandemic and “beer” as
a word related to the business.

After this, the proposed tool identified the most relevant links in the social media related
with the relevant combinations of words, considering as well how dynamic the websites
were. Once this identification was performed, the tool generate d a scraping tool to collect
dynamic information from each relevant website. It detected in which HTML environment
these words were mentioned, taking tags, attributes and parent tags into account
among others. In occasions, the generated scraping tool needed to be manually improved
by an experienced programmer in order to obtain more relevant results.

The automatic monitoring module periodically used the scraping tool in order to obtain
relevant information that could help businessmen in taking decisions such us when
launching offers or alter their prices. It also provide d information about company
strategies that could have a positive impact in the sentiment of clients, and how evolution
of the pandemic could affect their companies.

The automatic monitoring tool provided a clustering map and a recommendation
automatically generated with HAI. Figure 3 shows an example of the clustering map
provided by this tool. In the clustering map, each point represents a document with certain
similarity for a given set of keywords (x-axis) and the sentiment represented as a
percentage (y-axis). In this particular example, the documents represented news about bars
and COVID-19 restrictions. The clustering identified clusters of documents with similar
features, so the user was able to analyze the cluster of documents that was the most
relevant. The user was instructed to select clusters with high document similarity, since
these may be the most relevant to their business (the bar in this case). The user was
told that both positive and negative sentiments could be useful for either emphasize or
avoid certain products or services. In this map, the tool used the affinity propagation

Figure 3 Clustering map. Full-size DOI: 10.7717/peerj-cs.713/fig-3
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clustering algorithm with the implementation provided by the Scikit-learn library
(Pedregosa et al., 2011). In each combination, the clustering map considered the three
dimensions for each document, which were (a) the similarity with the specific business
keywords, (b) the similarity percentage with the specific pandemic keywords, and (c) the
sentiment analysis of the given document. Alternatively, the two former dimensions were
also calculated as one unique similarity considering both business and pandemic
keywords. The sentiment measurement was calculated with the following equation:

sentiment ¼ 100 � positiveþ K � neutral
positiveþ neutral þ negative

(1)

where “positive”, “negative” and “neutral” are the number of documents parts retrieved for
a given combination of keywords with respectively positive, negative and neutral
sentiments. K is a constant in the interval [0, 1], and its recommended default value is 0.5,
as neutral sentiment is considered to be in the middle between positive and negative
sentiments. In this work, all the experimentation used this default value, but other
researchers may tune this value in specific business contexts.

The tool collected feedback from users for performing a supervised ML approach in
which this feedback was used either to start resetting/adding keywords or to repeat the
whole process. It could repeat the sentiment analysis if new information about sentiments
was provided by the user. Otherwise, it continue d the monitoring until user s decide d to
stop it.

In order to implement the ML, the proposed approach used the term frequency and
inverse document frequency considering customized sets of keywords, as document
features. The relevance of documents indicated by users’ feedback was used in the
supervised learning. We used Scikit-learn library with Python programming language for
using the ML techniques of multinomial naive Bayes (NB) classifier, MLPs, k-nearest
neighbors (KNN), SVMs and multinomial Bayesian.

In order to automatically generate an explanations, we used two techniques, The
first one analyzed the weights of MLP using our approach of explainable MLPs
(García-Magariño, Muttukrishnan & Lloret, 2019). We also tested a HAI approach on
KNN, based on generating an explanation based on the nearest neighbor document. An
example of an automatically generated explanation follows:

In the learned model for business opportunities in pandemics, the most relevant input
combination for estimating that you have negative emotions about vaccines is that you were
thinking about AstraZeneca and clots.

The proposed approach is iterative and needed three bifurcations (as one can see in the
block diagram) to iterate going back to different steps depending on the new input data.
Firstly, if the user provides new keywords, then the process needs to be repeated from
the beginning since the identification of keywords is the first step. In some occasions, the
pandemic circumstances and related restrictions change and periodically some iterations
need to consider again the sentiments as these may change, going back to the middle of
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the process. Finally, if not any of the previous circumstances occur, the selected websites
can be monitored in short and frequent iterations.

EXPERIMENTATION
The experimentation was conducted in two different scenarios respectively related with a
bar and a information technology company and introduced in the next two subsections.

Bar business
A bar wanted to take some decisions related on how to proceed to keep profitable their
business. In the COVID-19 pandemic, many restriction were applied such as the
mandatory closing time in Madrid (Spain). After some brainstorming, the owners though
of the options of focusing their promotion efforts and marketing on (a) breakfasts (b)
lunches, (c) snacks, (d) delivery to homes, (e) low-cost/cheap services, and (g) low-cost/
cheap tickets for post-pandemic services.

In order to support their decisions, we followed the proposed approach as indicated for
the following steps of the proposed approach:

� Identify keywords for the business: The keywords respectively associated with each
possible business decision were respectively (a) breakfasts (b) lunches, (c) snacks,
(d) delivery to homes, (e) bear, (f) low-cost/cheap services, (g) special offers, and
(h) low-cost/cheap tickets for post-pandemic services. In addition, the common
keywords in all the decisions were bar, restaurant, tapas, terraces and Madrid.

� Find relation with pandemic keywords: In most decisions, we found relation with the
following keywords: pandemic, Covid19, restriction, 10 pm, 22 h, Madrid, commercial
activity and closing time.

� Perform sentiment analysis on social media: For each possible decision, we gathered the
set of keywords of this business decision with the Pandemic keywords, and used brief
and non-redundant set of keywords, for performing analysis on the Social Mention
website. On this analysis, the business owners identified that many French people were
coming to Madrid to enjoy bars because of the more relaxed restrictions compared
with France. The business owner found this information useful and translated all their
offers to French in order to catch the attention of all these potential French customers.

� Identify most relevant monitoring websites: The two most relevant websites were ruptly.
tv and foxnews.com, which respectively provided information about French consumers
and generous customers that were willing to prepay food and drinks to keep tapas
bars open in pandemic. In this bar scenario, web scraping started from Social Mention
website, and this provided a list of relevant websites related with the selected keywords.
The bar owner was instructed to check the first websites in the ranking, and selected
the ones that he found most appropriate.

� Generate scraping tool: The proposed tool was generated for monitoring these two
websites considering the most relevant sets of works for the two most promising lines of
business: (1) potential French customers with keywords French, Madrid, tourists,
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terraces, escape, COVID-19 restrictions, and (2) prepay offers with the keywords bar,
prepay, food, drink, tapas, open, coronavirus, pandemic.

� Automatic monitoring: These scraping tool was used to monitor these two websites for 2
weeks. The automatic monitoring tool was designed to check the relative frequency
of “French” term in the news related with “Pandemics” and “Restrictions”, and updated
a list of the most relevant news considering “French” in this context in the two selected
websites. This monitoring tool notified the user whenever some new news came up
in this list.

� Visualize clustering map: The map was monitored to compare different offers for
respectively French customers and prepay offers.

� Generate explanation with HAI: An example of generated explanation was “In the
learned model for business opportunities in pandemics, the most relevant input
combination for estimating that you have negative emotions about bars is that you were
thinking about Covid and Tracking”. Thus, the bar owner thought about incorporating a
tracking system for checking temperature and avoid people with COVID-19 compatible
symptoms in the bar.

� Collect feedback from users: The owners found especially useful the finding about
potential French customers, as the cost of translation to French was very low in
comparison to the potential earnings from French customers.

� Supervised learning: In the supervised learning, the users selected the two most relevant
news, which were “Spain: French tourists fill Madrid terraces to escape COVID-19
restrictions” (Ruptly, 2021) and “Hundreds of bar customers prepay for food and drinks
to keep tapas joint open amid coronavirus pandemic” (Leggate, 2020). The supervised
learning use d these documents to train the system for presenting first the documents
most similar to these with supervised positive feedback.

IT business
In IT business, the context was more advantageous than in the previous case study, since
people used more technology for communication in hard restrictions about pandemics
such as confinement. However, the technology usage had changed. We applied the
following steps proposed by our approach for supporting IT business decisions

� Identify keywords for the business: In the particular IT company, the most relevant
fields of work were identified with the keywords scraping tools, artificial intelligence
(AI), ML, surveillance, dating apps, emerging social networks, files sharing, emerging
mobile apps, cryptocurrency trading, and investment.

� Find relation with pandemic keywords: The scraping tool identified the most relevant
pandemic words associated with the aforementioned IT concepts with support of the
Social Mention website. Besides the common word of Covid19, we also found interesting
the word “recovered” as new emerging business strategies with focus on the infected
people that were recovering.
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� Perform sentiment analysis on social media: In the social media, the combination of
AI and pandemic obtained a positive sentiment analysis, as Fig. 4 shows. Moreover, we
performed a comparison of the most relevant combinations, which is presented in
Fig. 5.

� Identify most relevant monitoring websites: Some of the most relevant information
was found in nbcwashington.com and businessofapps.com. A total of one website
indicated what was expected by dating app users in this pandemic context, and this
information was useful for designing this kind of apps. The other website provided
useful information about revenues of certain apps in pandemics, to estimate which kind
of app might be more successful in the changing context of pandemic. Like in the
previous scenario, a ranked list of websites was obtained by scraping on Social Mention
website, and the IT company owner selected the most relevant websites from the first
items of the provided list.

� Generate scraping tool: Our proposed framework generated scraping tools for these
websites and the combination of words. However, the generated scraping tools were
manually adapted to obtain more detailed information like including the revenues.

� Automatic monitoring: In the automatic monitoring, we established a daily frequency of
this analysis, so that the company could use this updated information every day.

� Visualize clustering map: The clustering map was visualized considering similarity and
sentiment for each combination. The most relevant cluster of documents had a center
with document similarity of 69.1% and a sentiment of 67.2%. After analyzing all the

Figure 4 Sentiment analysis in social media about AI and pandemic.
Full-size DOI: 10.7717/peerj-cs.713/fig-4
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documents of this cluster, both “file sharing” and “Zoom” were the most frequent terms
considering only the IT concepts and tools.

� Generate explanation with HAI: An example of generated explanation was “In the
learned model for business opportunities in pandemics, the most relevant input
combination for estimating that you have negative emotions about vaccines is that you
were thinking about AstraZeneca and clots”. The IT expert observed an opportunity in
an app that helped users to reply a questionnaire about their symptoms after being
injected AstraZeneca vaccine to quickly indicate their probability of suffering clots.

� Collect feedback from users: The users indicated which web pages were relevant from
the ones retrieved by the proposed tool, for conforming new business strategies.

� Supervised learning: The Multinomial NB, MLP, KNN and SVM models were updated
with the users’ feedback for improving the retrieval of relevant elements.

Figure 5 presents the number of documents classified in the different sentiment
categories for each combination of business term and pandemic term, providing more
insight information than rather the average sentiment considered in the clustering map.
For instance, it is not the same to have a concept that have most documents classified as
neutral (like for example scraping in pandemics) or others with either many documents

Figure 5 Comparison of sentiment analyses in social media among several IT strategy fields in
pandemics. Full-size DOI: 10.7717/peerj-cs.713/fig-5
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classified as either positive or negative (not any case in this example). “File sharing”
and “cryptocurrency trading” raised the higher numbers of documents with positive
emotions. More concretely, the combination of words with a highest percentage of
documents with positive sentiments was “File Sharing” and “Pandemic”, with 73.5% of
documents with positive emotions. This may reflect that pandemic situations implied a
higher need of sharing files, and IT businesses may increase their chance of success if
their products include more options related with file sharing. The combination of
“cryptocurrency” and “pandemic” was the second most related one with positive emotions
(i.e., 60.3%). This helped the user to assess the possibility of integrating automatic
cryptocurrency trade on their skills and services.

In order to assess the efficacy of supervised learning, a user tagged an initial set of
11 documents retrieved from Social Mention with the terms of AI and pandemics, using
the categories of ‘relevant’ documents and ‘other’ documents. These were used for the
training. Then, 15 documents were automatically classified considering multinomial
NB, MLP, KNN and SVM. The user also tagged these documents, so that the accuracy of
the classification could be calculated. Figure 6 shows the accuracy for the different
classifiers.

As one can observe, the highest accuracy was obtained with KNN with a value of 93.3%.
The second highest accuracy was obtained with MLP with a value of 87.7%. On the
contrary, the multinomial NB obtained the worst accuracy with a value of 73.3%.

In order to evaluate the automatically generated explanations, we asked the users to
determine which explanations were relevant for them for identifying business
opportunities. In the analysis of seven explanations generated with HAI from explainable
MLPs and 11 explanations generated with HAI from KNN, 57.1% of the generated
explanations from MLP were found relevant, and 27.3% of the explanations from KNN

Figure 6 Comparison of accuracy when using different ML classifiers in the context of AI and
pandemics. Full-size DOI: 10.7717/peerj-cs.713/fig-6
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were found relevant. Figure 7 shows the comparison of these percentages. One can observe
that in general explainable MLPs provided a higher ratio of relevant explanations than the
analyzed alternative.

CONCLUSION AND FUTURE WORK
This work has presented a novel approach for conforming a scraping tool that assisted
business men in identifying which strategies were most appropriate for maintaining their
companies profitable in pandemics, considering data from different sources through
data fusion. It use d a supervised ML approach for estimating which online documents
could be relevant for a given user. In this way, the system filtered the documents presented
to users. The system automatically generate d explanations for providing ideas with
HAI for identifying business opportunities.

As future work, we plan to improve the proposed tool by using more documents tagged
by sentiments from more sources, so that the results are more representative. We also plan
to automate the finding of customers by digging into social messages related with the
most promising business strategies, enhancing the input data from more sources. We will
also explore the application of other HAI techniques aiming at increasing the quality of
explanations. We plan to propose HAI techniques in deep learning by identifying patterns
in the layers of neurons and using statistical information from the input data, although this
is widely known to be really challenging. We also plan to apply HAI over k-nearest
neighbours algorithm through adaptation of the explanation from the most similar cases,
since we believe this might be the most straightforward way of improving the user
experience when reading the generated explanations.

ACKNOWLEDGEMENTS
The authors would like to acknowledge Smart Systems Engineering Lab for their provision
of research facilities that were essential for completing this work.

Figure 7 Percentage of relevant explanations automatically generated with HAI.
Full-size DOI: 10.7717/peerj-cs.713/fig-7

Kumar et al. (2021), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.713 15/18

http://dx.doi.org/10.7717/peerj-cs.713/fig-7
http://dx.doi.org/10.7717/peerj-cs.713
https://peerj.com/computer-science/


ADDITIONAL INFORMATION AND DECLARATIONS

Funding
Prince Sultan University provided the Article Processing Charges for this publication. This
work is in the context of the project “CITIES: Ciudades inteligentes totalmente integrales,
eficientes y sotenibles”' (ref. 518RT0558) funded by CYTED (“Programa Iberoamericano
de Ciencia y Tecnología para el Desarrollo”) and “Diseño colaborativo para la promoción
del bienestar en ciudades inteligentes inclusivas” (TIN2017-88327-R) funded by the
Spanish council of Science, Innovation and Universities from the Spanish Government.
The funders had no role in study design, data collection and analysis, decision to publish,
or preparation of the manuscript.

Grant Disclosures
The following grant information was disclosed by the authors:
Prince Sultan University.
Spanish council of Science, Innovation and Universities: 518RT0558, TIN2017-88327-R.

Competing Interests
The authors declare that they have no competing interests. Swarn Avinash Kumar is
employed by IIIT Allahabad.

Author Contributions
� Swarn Avinash Kumar conceived and designed the experiments, performed the
experiments, analyzed the data, performed the computation work, prepared figures
and/or tables, authored or reviewed drafts of the paper, and approved the final draft.

� Moustafa M. Nasralla conceived and designed the experiments, performed the
experiments, analyzed the data, performed the computation work, prepared figures
and/or tables, authored or reviewed drafts of the paper, and approved the final draft.

� Iván García-Magariño conceived and designed the experiments, performed the
experiments, analyzed the data, performed the computation work, prepared figures
and/or tables, authored or reviewed drafts of the paper, and approved the final draft.

� Harsh Kumar conceived and designed the experiments, analyzed the data, prepared
figures and/or tables, authored or reviewed drafts of the paper, and approved the
final draft.

Data Availability
The following information was supplied regarding data availability:

All the programming code uses Python programming language and is available in the
Supplemental File.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj-cs.713#supplemental-information.

Kumar et al. (2021), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.713 16/18

http://dx.doi.org/10.7717/peerj-cs.713#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.713#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.713#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.713
https://peerj.com/computer-science/


REFERENCES
Alag S. 2020. Analysis of COVID-19 clinical trials: a data-driven, ontology-based, and natural

language processing approach. PLOS ONE 15(9):e0239694.

Alamoodi A, Zaidan B, Zaidan A, Albahri O, Mohammed K, Malik R, Almahdi E, Chyad M,
Tareq Z, Albahri A, Hameed H. 2020. Sentiment analysis and its applications in fighting
COVID-19 and infectious diseases: a systematic review. Expert Systems with Applications
167:114155.

Anker TB. 2021. At the boundary: post-covid agenda for business and management research in
europe and beyond. European Management Journal 39(2):171–178
DOI 10.1016/j.emj.2021.01.003.

Bedenkov A, Moreno C, Agustin L, Jain N, Newman A, Feng L, Kostello G. 2021. Customer
centricity in medical affairs needs human-centric artificial intelligence. Pharmaceutical Medicine
35(1):1–9.

Bryson JJ, Theodorou A. 2019. How society can maintain human-centric artificial intelligence. In:
Human-Centered Digitalization and Services. Vol. 19. Berlin: Springer, 305–323.

Buckman SR, Shapiro AH, Sudhof M, Wilson DJ. 2020. News sentiment in the time of
COVID-19. FRBSF Economic Letter 8:1–05.

Gao J, Wang H, Shen H. 2020a.Machine learning based workload prediction in cloud computing.
In: 2020 29th International Conference on Computer Communications and Networks (ICCCN).
IEEE, 1–9.

Gao J, Wang H, Shen H. 2020b. Smartly handling renewable energy instability in supporting a
cloud datacenter. In: 2020 IEEE International Parallel and Distributed Processing Symposium
(IPDPS). Piscataway: IEEE, 769–778.

Gao J, Wang H, Shen H. 2020c. Task failure prediction in cloud data centers using deep learning.
IEEE Transactions on Services Computing 1 DOI 10.1109/TSC.2020.2993728.

García-Magariño I, Muttukrishnan R, Lloret J. 2019. Human-centric AI for trustworthy IoT
systems with explainable multilayer perceptrons. IEEE Access 7:125562–125574
DOI 10.1109/ACCESS.2019.2937521.

Gheisari M, Najafabadi HE, Alzubi JA, Gao J, Wang G, Abbasi AA, Castiglione A. 2021. OBPP:
an ontology-based framework for privacy-preserving in IoT-based smart city. Future Generation
Computer Systems 123(5):1–13 DOI 10.1016/j.future.2021.01.028.

Ghiassi M, Lee S. 2018. A domain transferable lexicon set for twitter sentiment analysis using a
supervised machine learning approach. Expert Systems with Applications 106(3):197–216
DOI 10.1016/j.eswa.2018.04.006.

How M-L, Chan YJ, Cheah S-M. 2020. Predictive insights for improving the resilience of global
food security using artificial intelligence. Sustainability 12(15):6272 DOI 10.3390/su12156272.

Kinyua JK, Mutigwe C, Cushing DJ, Poggi M. 2021. An analysis of the impact of president
trump’s tweets on the djia and S&P 500 using machine learning and sentiment analysis. Journal
of Behavioral and Experimental Finance 29(2):100447 DOI 10.1016/j.jbef.2020.100447.

Leggate. 2020. Hundreds of bar customers prepay for food and drinks to keep tapas joint open
amid coronavirus pandemic. Fox News. Available at https://www.foxnews.com/food-drink/bar-
customers-prepay-fooddrinks-keeptapas-joint-open-covid-19-pandemic (accessed 2 August 2021).

Mokhtar MZ, Wan-Ismail WNS. 2012. Marketing strategies and the difference level of sales and
profits performance of the batik smes in malaysia. International Journal of Business and
Management 7(23):96 DOI 10.5539/ijbm.v7n23p96.

Kumar et al. (2021), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.713 17/18

http://dx.doi.org/10.1016/j.emj.2021.01.003
http://dx.doi.org/10.1109/TSC.2020.2993728
http://dx.doi.org/10.1109/ACCESS.2019.2937521
http://dx.doi.org/10.1016/j.future.2021.01.028
http://dx.doi.org/10.1016/j.eswa.2018.04.006
http://dx.doi.org/10.3390/su12156272
http://dx.doi.org/10.1016/j.jbef.2020.100447
https://www.foxnews.com/food-drink/bar-customers-prepay-fooddrinks-keeptapas-joint-open-covid-19-pandemic
https://www.foxnews.com/food-drink/bar-customers-prepay-fooddrinks-keeptapas-joint-open-covid-19-pandemic
http://dx.doi.org/10.5539/ijbm.v7n23p96
http://dx.doi.org/10.7717/peerj-cs.713
https://peerj.com/computer-science/


Nemes L, Kiss A. 2021. Social media sentiment analysis based on COVID-19. Journal of
Information and Telecommunication 5(1):1–15 DOI 10.1080/24751839.2020.1790793.

Oppong SO, Asamoah D, Oppong EO, Lamptey D. 2019. Business decision support system based
on sentiment analysis. International Journal of Information Engineering and Electronic Business
10(1):36–49 DOI 10.5815/ijieeb.2019.01.05.

Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, Blondel M,
Prettenhofer P, Weiss R, Dubourg V, Vanderplas J. 2011. Scikit-learn: machine learning in
python. Journal of Machine Learning Research 12:2825–2830.

Petit JJG, Lafuente EV, Vieites AR. 2019. How information technologies shape investor
sentiment: a web-based investor sentiment index. Borsa Istanbul Review 19(2):95–105.

Reyes-Menendez A, Saura JR, Filipe F. 2020. Marketing challenges in the# metoo era: gaining
business insights using an exploratory sentiment analysis. Heliyon 6(3):e03626.

Ruptly. 2021. Spain: French tourists fill Madrid terraces to escape COVID-19 restrictions.
Available at https://www.ruptly.tv/en/videos/20210204-055-Spain–French-touristsfill-Madrid-
terraces-to-escape-COVID-19-restrictions (accessed 2 August 2021).

Sharma P, Sharma A. 2020. Experimental investigation of automated system for twitter sentiment
analysis to predict the public emotions using machine learning algorithms. In: Materials Today:
Proceedings.

Singh AK, Misra A. 2020. Impact of COVID-19 and comorbidities on health and economics: focus
on developing countries and India. Diabetes &Metabolic Syndrome: Clinical Research & Reviews
14(6):1625–1630.

Singh RP, Haleem A, Javaid M, Kataria R, Singhal S. 2021. Cloud computing in solving problems
of COVID-19 pandemic. Journal of Industrial Integration and Management 6(2):209–219.

Soumya S, Pramod K. 2020. Sentiment analysis of malayalam tweets using machine learning
techniques. ICT Express 6(4):300–305.

Wang Y, Chen Q, Shen J, Hou B, Ahmed M, Li Z. 2021. Aspect-level sentiment analysis based on
gradual machine learning. Knowledge-Based Systems 212(3):106509
DOI 10.1016/j.knosys.2020.106509.

Wilthagen T, Aarts EH, Fleuren H, Sitskoorn M. 2020. The dawn of a new common: how the
COVID-19 pandemic is transforming society. SSRN. Available at https://ssrn.com/
abstract=3749120 (accessed 9 April 2021).

Zhang C, Ramse J. 2020. Teaching economics behind the global COVID-19 pandemic.
International Review of Economics Education 36:100206.

Kumar et al. (2021), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.713 18/18

http://dx.doi.org/10.1080/24751839.2020.1790793
http://dx.doi.org/10.5815/ijieeb.2019.01.05
https://www.ruptly.tv/en/videos/20210204-055-Spain�French-touristsfill-Madrid-terraces-to-escape-COVID-19-restrictions
https://www.ruptly.tv/en/videos/20210204-055-Spain�French-touristsfill-Madrid-terraces-to-escape-COVID-19-restrictions
http://dx.doi.org/10.1016/j.knosys.2020.106509
https://ssrn.com/abstract=3749120
https://ssrn.com/abstract=3749120
http://dx.doi.org/10.7717/peerj-cs.713
https://peerj.com/computer-science/

	A machine-learning scraping tool for data fusion in the analysis of sentiments about pandemics for supporting business decisions with human-centric AI explanations ...
	Introduction
	Related work
	Ml scraping tool for monitoring sentiments about pandemics
	Experimentation
	Conclusion and future work
	flink6
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


