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Abstract

Developing new services or improving existing ones is becoming more accessible with

the evolution of Natural Language Processing (NLP) techniques. Chatbots are a known

example of an NLP-based service; they can interact with humans using text messages or

natural language. NLP grants, however, the development of other types of services based

on natural languages, such as machine translation, email spam detection, information

extraction, content summarization, and question answering. A current need, to develop

smart cities projects, is a system that can match content (text) from a project offer

description with the candidates description by finding common patterns in different textual

descriptions. This project presents an implementation of an automated tool with AI and

NLP to match needs and concrete ideas for innovation with the skills and offers of the

business sector, including start-ups and entrepreneurs. In sentiment analysis, NLP can be

harnessed to recognize and categorize the emotional tone conveyed in textual content, such

as project collaborator reviews, customer reviews, or social media posts. The sentiment

analysis component in this project establishes a tool for comprehending and categorizing

sentiments, for candidates seeking engagement in smart cities projects.

Keywords: natural language processing, nlp, content matching, smart cities, stemming

and lemmatization, bag-of-words, Bow, term frequency-inverse document frequency, TF-

IDF, TF, IDF, stop words, cosine similarity, flask, sentiment analysis, polarity
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Chapter 1

Introduction

This section provides background information on using NLP for Information Retrieval

(IR), content matching and sentiment analysis. The focus of this research is discussed and

justified, the overall research aim is outlined, and research methods are outlined, as is the

value of this research.

1.1 Background Information

Scientific and technological developments in the field of Information and Communi-

cation Technologies (ICT) are the main contributors to the sustainable growth of cities

worldwide. Smart cities global market is growing quickly, in 2022 it had an estimated

growth of 482 billion euros[25]. The evolution of 5G and the Internet of Things (IoT)

technologies have contributed to improve the efficiency of urban services by addressing

some of the main gaps in energy, mobility, security, privacy and environmental sustain-

ability. However, there is still a journey ahead in this field.

One of the branches of AI and linguistics is NLP, whose function is to make computers

understand the statements or words written or spoken in human language. Information

extraction helps to collect information from machine-readable documents automatically,

so it is a key step in NLP.

Organizations are constantly evolving into more complex environments due to global

competition, creating the need to have partners and service providers that meet their

needs and allow them to improve the quality of their services. Human resources (HR)
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teams face various challenges, including the difficulty in identifying the most relevant

partners, limited availability of data or resources to assess potential partners, and the lack

of transparency or standardization in the selection process. The mismatch in expectations

between urban needs/ideas and the business sector, limited knowledge or awareness of

potential partners among urban stakeholders, and inefficient or ineffective communication

channels can further complicate the process. One critical challenge in this context is the

amount of time it takes to choose the ideal partner.

The consideration of AI models, such as ChatGPT, in the implementation of this

tool represents a strategic incorporation of these innovations. This not only reflects sig-

nificant technological progress but also opens new perspectives to optimize and enhance

communication channels. By taking into account these advanced models, the tool seeks to

capitalize on the advantages offered by these cutting-edge technologies, providing a more

sophisticated approach aligned with the ongoing innovations in the field of AI.

1.2 Overall Research Aim

The ”City Catalyst - Catalyst for Sustainable Cities” project aims to explore and

develop innovative products, processes, and services that have significant potential to con-

tribute to integrated urban management, efficiency, and innovation. This work intends to

make specific contributions to the implementation and interoperability of urban platforms,

with the ultimate goal of fostering sustainable urban development.

Start-ups can take advantage to leverage the need of established companies to maintain

their place in the market while being more innovative and competitive. New companies

can bring this innovation and maintain high-quality standards. However, it is crucial that

the establishment of a partnership is quick and practical to keep up with the current

market trends.

Figure 1.1 is a visual representation of the process and help stakeholders better un-

derstand how the contract with a startup or company will be developed and managed to

create a smart waste management for a city.
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Chapter 1. Introduction

Figure 1.1: Example of a Smart City Project

This work aims to use AI and NLP techniques to implement an automated matching

tool to connect needs and specific ideas for innovation within cities with the skills and

offers of the business sector, including start-ups and entrepreneurs.

For candidates aspiring to contribute to smart cities projects, a sentiment analysis tool

might be a valuable resource. NLP plays a pivotal role in deciphering and categorizing

the emotional tone embedded in textual content, spanning from feedback given by project

collaborators to customer reviews and social media posts. This analytical capability facil-

itates a nuanced comprehension of sentiment within the smart cities ecosystem. It allows

candidates to gain valuable insights into the emotional dynamics associated with collab-

orative endeavors, the reception of the project, and the public perception of smart city

initiatives.

1.3 Research Methods

As previously mentioned, the primary objective of this project is to create an innovative

tool that will assist entities in finding suitable partners to collaborate on the development
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of services that will make a significant contribution to society.

The methodology that best fits the needs of this projects is the Research and Devel-

opment, in specific the Engineering Design Process (EDP).

EDP has a series of steps that can be followed to develop a solution to a problem.

Since this project involves designing, building and testing an hypothetical solution this is

the methodology that best suits.

1.4 Dissertation Structure

The project begins with a study of previous research and projects using NLP. After

this analysis it will be possible to select techniques and approaches to solve the problem

more effectively and efficiently.

The remainder of this work is organized as follows. Section 2 presents the state-of-the-

art review, it is organized in five subsections to explore the core themes of this project.

Section 3 presents the selected methodology for the project. Section 4 presents the steps

of the development of the proposed tool and the results obtained. And to finish, Section

5, with the conclusions and proposed future work.
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Chapter 2

State-of-the-Art

NLP is a sub-field of computer science and AI that focuses on the interaction between

computers and human language. It involves developing algorithms and techniques to

analyze, understand, and generate human language, and has a wide range of applications

in fields such as machine translation, text classification, and conversation systems.

In the context of content matching and sentiment analysis, NLP plays a key role

in understanding and analyzing language. To initiate a profitable partnership , NLP

techniques can be used to extract key information from project descriptions or resumes,

and to classify project postings or candidates based on their language and content. In

sentiment analysis, NLP can be used to identify and classify the sentiment expressed in

text, such as worker reviews, customer reviews or social media posts.

The purpose of this section is to provide an overview of the current state of research in

NLP applied to content matching and sentiment analysis. This section will describe the

most important and relevant studies, theories, and methods that have been developed in

these areas, as well as any current debates or controversies. The section will be divided into

several sections, including NLP and its techniques, sentiment analysis, and the intersection

of these two areas.

2.1 Natural Language Processing - Concept and Techniques

The increasing number of internet-connected gadgets, websites, apps, and social media

platforms has led to a significant surge in the amount of data gathered online in recent
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years. This wealth of information, predominantly in text format, encompasses various

sources such as emails, social media posts, papers, and recordings of spoken conversations.

To make sense of this vast corpus of data, NLP techniques have been developed and

employed. NLP involves the utilization of computer algorithms to understand and process

human language, enabling machines to interpret, analyze, and derive insights from textual

information. By leveraging NLP, organizations can unlock the potential of the data they

acquire online, enabling them to make informed decisions, improve customer experiences,

and drive innovation.

NLP can be applied to various aspects of the talent acquisition process. One area

where NLP can be particularly useful is in resume parsing. This involves extracting

important information from resumes, such as job titles, skills, and work experience. By

using NLP algorithms, this information can be automatically extracted and organized,

making it easier for HR teams and hiring managers to review and assess candidates. This

not only saves time but also ensures that no relevant information is overlooked during the

initial screening phase. In the next step of the evaluation process, candidate responses

can be analysed, whether through interviews, assessments, or written submissions, NLP

algorithms can assess language patterns, sentiment, and overall communication skills. This

can provide valuable insights into a candidate’s suitability for a role, helping recruiters

make more informed decisions.

Collaborator feedback is a valuable resource for organizations, as it provides insights

into the experiences, perspectives, and concerns of their workforce. Traditionally, ana-

lyzing employee feedback has been a time-consuming and labor-intensive task, requiring

manual reading and categorization of large volumes of text. This is where NLP can make

a significant difference. By applying NLP techniques to employee feedback, organizations

can gain valuable insights in a more efficient and systematic manner. NLP algorithms can

process and analyze large amounts of text data, allowing organizations to identify trends,

patterns, and sentiments in the feedback. This can help uncover common themes and

issues that might otherwise go unnoticed.

For example, NLP can be used to identify recurring topics in employee feedback, such

as work-life balance, communication, leadership, and career development. By analyzing

the frequency and sentiment associated with these topics, organizations can gain a better
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Chapter 2. State-of-the-Art

understanding of the needs and concerns of their employees. This information can then

be used to inform decision-making and drive improvements in the workplace.

2.1.1 NLP - Techniques for text Preprocessing

Text preprocessing is an important step in NLP that is performed on raw text data

to clean, convert, and normalize it so that it can be effectively processed and analysed by

NLP models.

There are several common text preprocessing techniques that are used in NLP, accord-

ing to [12]:

• Text Normalization: involves converting text into a more standardized and conve-

nient form. This includes tasks like tokenization (separating words or other units),

emoticon and hashtag tokenization, word lemmatization (finding the common root of

words), sentence segmentation (breaking text into sentences), and string comparison

using metrics like edit distance.

• Regular Expressions (Regex): are a practical language used for specifying text search

patterns. They allow for efficient searching and matching of text based on specified

patterns. Regular expressions are widely used in computer science, programming

languages, and text processing tools for tasks such as searching, matching, and

extraction.

• Named Entity Recognition (NER): the task of identifying and classifying named

entities in text. NER is closely related to tokenization, as it involves detecting and

categorizing specific named entities within text.

A comprehensive introduction to NLP using the Python programming language is

given in [5]. The book provides a detailed discussion of text preprocessing, which is an

essential step in preparing text data for further NLP analysis. The book covers many of

the standard techniques used in text preprocessing such as tokenization, stemming, and

lemmatization, as well as stopword removal. It also covers more advanced techniques like

regular expressions, text normalization, and string manipulation which are crucial in NLP

preprocessing. Beyond text preprocessing, the book also covers several other important

topics in NLP, such as:
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• Part-of-speech tagging (POS): the process that involves automatically determining

the grammatical category of each word within a sentence. By assigning the appropri-

ate part-of-speech tag, such as noun, verb, adjective, or adverb, POS tagging helps

to unravel the grammatical structure of text.

• Syntactic parsing: the process of determining the grammatical structure of a sen-

tence. It goes beyond the basic task of POS tagging and delves into understanding

the relationships between words in a sentence. This document aims to provide an

overview of syntactic parsing, highlighting its significance and its complexities.

• Semantic analysis: the process that involves deciphering the meaning of text. This

task is inherently complex as it necessitates comprehending the intricate relationships

between words, phrases, and sentences, while also considering the broader context

in which they are situated.

All these topics are related to each other, for example, syntactic parsing depends

on POS tagging and Semantic analysis depends on syntactic parsing. The book covers

these topics in a logical order, starting with the fundamental concepts and progressing

to more advanced topics. Each chapter provides a good introduction to the topic and

includes several examples to demonstrate how to use Natural Languege Toolkit (NLTK)

to perform the different NLP tasks in Python.

NER is crucial in information extraction; it is used in machine translation, question

answering, IR, and summarization. NER is a task that aims to identify text that men-

tions entities that are real-world objects that have a name, such as a person, organization,

location, date, time, or product. The study [24] discusses the challenges and limitations

in evaluating and comparing NER software. Lack of data and the inability to reproduce

the evaluation presented obstacles for researchers attempting to replicate experiments in

NER, making it challenging to judge the efficacy and completeness of the results. These

limitations highlight the pressing need for more standardized and replicable evaluation

methodologies to ensure reliable and meaningful comparisons among NER software solu-

tions.

Considering the issue of analyzing large amounts of text data, the authors of [2] con-

ducted a review of existing approaches for generating summaries of large texts using NLP.
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Chapter 2. State-of-the-Art

They discussed structured-based approaches, which rely on the structure of the text to

generate summaries, and semantic-based approaches, which rely on the meaning of the

text to generate summaries. It was concluded that the summaries often fall short of ex-

pectations and may not align with the original document. No specific model has emerged

as the best for generating summaries, indicating the need for further advancements.

The authors of the paper [22] evaluate the performance of different text preprocess-

ing techniques on a dataset of tweets, using several Machine Learning (ML) algorithms

such as Naive Bayes and Support Vector Machine (SVM). They reported the results of

the evaluation, showing that text preprocessing techniques are crucial for improving the

performance of sentiment analysis tasks on social media data.

The results of the evaluation showed that the text preprocessing techniques that are

applied to social media data can significantly affect the performance of sentiment analysis

tasks. They found that the combination of tokenization, stemming, and lemmatization

with stopword removal and punctuation removal were the best preprocessing technique

for sentiment analysis on social media data. They also found that the use of regular

expressions, text normalization, and string manipulation techniques further improved the

performance of the sentiment analysis task.

The authors also found that handling specific features of social media data during the

preprocessing stage, such as emojis, hashtags, and URLs, can significantly improve the

performance of sentiment analysis tasks on social media data. They also reported that,

while stemming performed well, lemmatization was not effective in the choosen dataset,

and that the use of a POS tagger did not improve the results.

”The Role of Text Pre-processing in Sentiment Analysis of Social Media Posts” by

Waleed Aman, is a research paper which presents a detailed overview of preprocessing

techniques used in sentiment analysis of social media posts. the paper describes the text

cleaning and preprocessing stages and how these stages affect the accuracy of the sentiment

analysis process.

The Named Entity Recognition (NER) has a crucial role in information extraction, it

is used in machine translation, question answering, IR, and summarization [24].

NER is a task that aims to identify text that mention named entities and then classify

them into predefined categories, for example, client, address, etc. In [17], a survey was
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conducted to review recent studies about deep learning applied in NER systems. It was

concluded that DL-based NER has as challenges, data annotation and informal text and

unseen entities. The first challenge arises because this systems require big annotated data

for training, but it is time consuming and expensive. The second challenge arises because

it has to deal with user-generated texts.

2.2 Text Representation Techniques

In the field of NLP, text representation techniques play a crucial role in transforming

raw textual data into a format that can be effectively processed by ML algorithms. Two

widely used techniques in this regard are the bag-of-words (BoW) model and the Term

Frequency-Inverse Document Frequency (TF-IDF) weighting scheme. These techniques

provide a foundation for text analysis and have proven to be valuable tools in various

NLP tasks, such as document classification, sentiment analysis, and IR.

2.2.1 Bag-of-Words Approach

The scientific article [23] discusses the use of the BoW method in computer vision and

text classification. The BoW method counts the occurrences of each word or feature in

a document or image, disregarding the order or grammar. It generates a histogram to

represent the document or image. The BoW method is simpler than other classification

methods and has shown high performance in text and image classification benchmarks.

The authors have found several challenges when using the BoW approach, those in-

clude:

• Viewpoint variation: When the same object is captured from different positions, it

becomes difficult for the BoW approach to recognize and match the object accurately.

• Illumination: Changes in lighting conditions can affect the appearance of an object

in an image, making it challenging for the BoW approach to handle variations in

illumination.

• Deformation: Objects that undergo shape deformations, such as bending or stretch-

ing, pose difficulties for the BoW approach to correctly identify and classify them.
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• Occlusion: When objects are partially or fully obscured by other objects in an image,

the BoW approach may struggle to accurately detect and distinguish them.

• Background clutter: If the object of interest has a color similar to or blends with

the background color, the BoW approach may face difficulties in differentiating the

object from the background clutter.

• Intra-class variation: Objects belonging to the same class or category but having

different subtypes or variations (e.g., different types of chairs) can pose challenges

for the BoW approach to accurately classify and categorize them.

The researchers of [27] proposed a network BoW model for text analysis. The BoW

model is a commonly used text representation method where each word in a document is

counted independently, without considering the correlation among words. In contrast, the

proposed model takes into account the high-level structural and semantic meaning of words

by using a network representation. To evaluate the performance of the proposed model,

the researchers applied it to text classification tasks on four different datasets. They

compared the performance of the proposed model with seven other text representation

methods. The results showed that the proposed model achieved the best performance

with high efficiency. The network property called Eccentricity was found to provide the

highest accuracy. They also investigated the influence of different network structures in

the proposed model. They found that the dynamic network was more suitable for text

classification compared to the static network and the hybrid network.

The work proposed in [29] was to incorporate fuzzy theory into the original BoW

model to learn dense, robust, and effective representations for documents. The goal is to

address the limitations of the BoW model, such as extreme sparsity, high dimensionality,

and inability to capture semantics.

The main findings of this work were that the proposed FBoW and FBoWC models can

capture more semantic information compared to the original BoW model. The FBoWC

model, which uses word clusters instead of individual words as basis terms, is found to

be more informative and less redundant than the FBoW model. The performance of

the FBoWC mean and FBoWC max variants is more stable and robust across different
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datasets. The document also mentions the use of fuzzy systems in text mining and the

limitations of deep models in document modeling.

The article [7] work was to evaluate the usefulness of machine translation, specifically

Google Translate, for comparative researchers using BoW text models. The researchers

compared term-document matrices (TDMs) and topic model results from gold standard

translated text and machine-translated text. They evaluated the results at both the

document and corpus level.

The technique involved using machine translation, Google Translate, to convert non-

English texts into English. Then the translated texts were preprocessed and turned into

TDMs. They estimated topic models on these TDMs and compared the similarities of the

TDMs, the topical prevalence at the document and corpus level, and the topical content.

The results showed that the TDMs of machine-translated and gold standard documents

were highly similar, with minor differences across languages. The topic models also yielded

highly similar results, with only small differences across languages.

2.2.2 TF-IDF Algorithm

TF-IDF stands for ”term frequency-inverse document frequency”. It is a numerical

statistic intended to reflect how important a word is to a document in a corpus. The TF-

IDF value increases proportionally to the number of times a word appears in the document

but is offset by the frequency of the word in the corpus, which helps to adjust for the fact

that some words appear more frequently in general. The TF-IDF algorithm can be used

to weight words in text data, which is helpful in IR and text mining.

In NLP, a corpus is a large and structured set of texts. Corpora are used for statistical

analysis and hypothesis testing, checking occurrences or validating linguistic rules within

a specific language territory. Corpora are also used to train language models and other

machine-learning models. In the context of the TF-IDF algorithm, the corpus refers to

the set of all documents in which we want to compute the tf-idf values for each word.

The basic formula for TF-IDF is:

• TF(t) = (Number of times term t appears in a document) / (Total number of terms

in the document) (See Figure 2.1)
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Figure 2.1: Term Frequency Formula

• IDF(t) = log(Total number of documents / Number of documents with term t in it)

(See Figure 2.2)

Figure 2.2: Inverse Document Frequency Formula

• TF-IDF(t) = TF(t) * IDF(t)

The intuition behind this formula is that words that are common in all documents

are not very informative and, thus should have a lower weight. Conversely, words that

frequently appear in only a few documents are highly informative and should have a higher

weight. The TF-IDF algorithm thus assigns a weight to each word in each document, where

the weight is the product of the term’s TF and IDF values.

The results of the TF-IDF formula can be analyzed in several ways. One common

approach is to use the computed TF-IDF values to identify the most important words in

a document or a set of documents. This can be done by sorting the words in descending

order of TF-IDF value and selecting the top N words. These words are often considered

the keywords or keyphrases of the document and can be used for tasks such as IR, text

summarization, and document classification.

The article [28] presents the development of a recommendation system for Microsoft

news data using TF-IDF and cosine similarity methods. The system suggests relevant

news articles to users based on their preferences. The authors collected and preprocessed

the data, used TF-IDF to extract features, and calculated cosine similarity scores to

recommend articles. They evaluated the system’s performance using precision, recall, and

F1-score metrics. The results show that the proposed system outperforms similar systems

in precision, recall, and F1-score. The authors also discuss the strengths and limitations

of their system and suggest areas for future research.

The paper [3] proposes an automated question answering system that uses an improved

TF-IDF and cosine similarity to provide precise and relevant answers to users’ queries with
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high confidence. The study compares different techniques for automatic question answer-

ing and finds that rule-based techniques are less effective due to natural language’s lack of

fixed patterns. The proposed approach pre-processes all repository questions and gener-

ates a matrix using the improved TF-IDF model to find the similarity of each user query.

The system removes stop-words and applies lemmatization and POS tagging techniques

for pre-processing. The empirical analysis-based results show that the proposed technique

takes less than five seconds to respond to user queries with maximum similarity and attains

up to 84 per cent accuracy.

In the scientific article [30], the authors propose a refined TF-IDF algorithm called

TA TF-IDF to find hot terms based on time distribution information and user attention.

They also introduce a method to generate new terms and combined terms using Chinese

word segmentation. The authors then extract hot news based on the hot terms and group

them into K-means clusters to detect hot topics. They propose using the AdjustTime

value, AdjustAttention value, and AdjustIDF value to refine the TF-IDF algorithm and

improve the accuracy of hot term identification. By combining these factors, their system

effectively filters non-hot news and accurately identifies hot topics.

With the rapid evolution of the internet, more users are relying on internet services for

their daily work, including booking hotels for travel. In order to provide users with more

options for hotel recommendations, the study [18] explores the use of TF-IDF to determine

the weight value of terms or documents frequency, and cosine similarity to extract similar

values from sentiment datasets.

The collection and analysis of online reviews are major challenges in opinion mining.

However, these data can provide useful information to help tourists make informed de-

cisions and improve tourist-related services. The study proposes the use of TF-IDF and

cosine similarity to find similar hotels based on user reviews and make recommendations

to users.

The study demonstrates the potential of these techniques in providing personalized

and valuable hotel recommendations for tourists. The findings suggest further research to

enhance recommendation systems in the tourism industry.
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2.3 Sentiment Analysis

Sentiment analysis is the process of automatically identifying whether a user-generated

text expresses positive, negative or neutral opinion about an entity. Social media platforms

caused an increase in the amount of user-generated data. Due to this growth organiza-

tions saw an opportunity in keeping track on customers reviews and opinions about their

problems, but this task proved to be very challenging. Tweets can be used as a valuable

source to extract public’s opinion. The objective of [11] was to give a step-by-step detail

about the process of sentiment analysis on Twitter data using ML, used Naive Bayes and

Decision Tree Algorithms.

Emotions expressed in social media messages can greatly influence the spread of misin-

formation and online radicalization. It is important to accurately identify these emotions

to make deductions from social media messages. [16] proposed to evaluate the performance

of three publicly available word-emotion lexicons (NRC, Depeche Mood and EmoSentic-

Net) on a set of Facebook and Twitter messages. They designed and implemented an

algorithm that applies NLP techniques through a number of heuristics that reflect the

way humans naturally assess emotions in written texts. This work found notable differ-

ences in the performance of the lexicons and also took into account the emotion scores

provided by human raters in a survey.

Twitter is a platform for people to share and express their views about, topics, hap-

penings, products and other services. Tweets can be classified into different classes based

on their relevance with the topic searched. To classify them there are some ML Algo-

rithms (Naive Bayes, Baseline, Support Vector Machine, etc.) currently employed, these

algorithms classify the tweets into positive and negative classes based on their sentiment.

The proposed solution in [10] is an implementation of Naive Bayes using sentiment 140

training data using Twitter Database. Naive Bayes is used with SentiWordNet to improve

accuracy of classification of tweets. To implement the proposed solution there are five

steps:

1. Selection of training data – selected having in consideration the basis of the type of

problem;

2. Preprocessing of training data – removing irrelevant information like URLs, user-
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names, slang words, symbols, etc.;

3. Establish connection with Twitter database using Twitter API – recent tweets can

be extracted for analysis purpose;

4. Various ML algorithms used for classification of tweets into different classes;

5. Results are displayed on the basis of polarities of tweets after their classification.

Results, with a training data set with 1.6 million tweets of sentiment 140 data set,

after training system and test with small testing data set of 100 tweets, the system gives

an efficiency of 58.40 per cent. This means that analysing human sentiments is not an

easy job for machines, and that they need more exhausting training in order to have a

better accuracy.

Published in 2021, [20] presents a study on the use of the TextBlob library for sentiment

analysis. The study aims to show how sentiment analysis can be used to make decisions

and how the TextBlob library can be used to perform sentiment analysis.

Tweets related to a specific topic were collected, and used the TextBlob library to per-

form sentiment analysis on the tweets. The study also used data visualization techniques

to represent the results of the sentiment analysis.

The results of the study showed that the TextBlob library can be used to perform

sentiment analysis with good accuracy and that sentiment analysis can be used to make

decisions by analyzing the opinion of people on a specific topic. It also provides an un-

derstanding of how data visualization techniques can be used to represent the results of

sentiment analysis.

The scientific article [1] focuses on using sentiment analysis to analyze emotional re-

sponses to the COVID-19 pandemic in Nigeria. The study collected 1,048,575 tweets using

the hashtag ’COVID-19’ from Twitter. The tweets were pre-processed and analyzed using

TextBlob and VADER analyser for sentiment analysis.

TextBlob, a Python text processing package, calculates two key properties for each

input sentence:

• Polarity: This property reveals the polarity of emotions conveyed in the sentence,

ranging from -1 to 1. Negative sentiment corresponds to a value of -1, while positive

sentiment corresponds to +1.
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• Subjectivity: This property quantifies the degree of subjectivity in the sentence,

indicating the speaker’s personal emotions, beliefs, and opinions. The subjectivity

score ranges from 0 to 1, with values closer to 0 indicating objectivity and reliance

on factual information.

On the other hand, VADER (Valence-Aware Dictionary and Sentiment Reasoner) em-

ploys a lexicon-based approach for sentiment analysis. It examines lexical features, such

as words, and categorizes them as positive or negative based on their semantic orientation.

VADER provides sentiment scores including:

• Positive, Negative, and Neutral Sentiment Probabilities: These scores represent the

likelihood of a statement being positive, negative, or neutral, respectively.

• Compound Score: This aggregated sentiment score combines positive and negative

scores, providing an overall sentiment intensity. The compound score ranges from

-1 to 1.

The study’s results showed that VADER sentiment analysis returned 39.8 per cent

positive, 31.3 per cent neutral, and 28.9 per cent negative sentiments. In comparison,

TextBlob analysis returned 46.0 per cent neutral, 36.7 per cent positive, and 17.3 per cent

negative sentiments.

The researchers concluded that social media data, especially from Twitter, can play

a crucial role in aiding organizations and governments to make informed decisions during

the COVID-19 pandemic. By understanding public sentiment, authorities can address

concerns and combat misinformation effectively.

The article [21], presents a study on sentiment analysis of comments on the professional

social networking platform, LinkedIn. The aim was to examine the sentiment of comments

on LinkedIn posts and identify the most frequent words used in the comments. There

were collected comments on LinkedIn posts and used sentiment analysis techniques to

classify the comments as positive, negative, or neutral. Text mining techniques were also

implemented to identify the most frequent words used in the comments.

The results of the study showed that a majority of the comments were neutral, but

there were also a significant number of positive and negative comments. The study also
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found that the most frequent words used in the comments were related to the topic of the

post and the industry of the users.

2.4 NLP and Sentiment Analysis applied to Talent Acqui-

sition

This section will examine the various NLP techniques used for talent acquisition and

sentiment analysis, the evaluation metrics used, and the results obtained. Additionally,

it will explore the potential of NLP to improve the efficiency and effectiveness of hiring

processes.

The article [19], presents a case study on the use of NLP to enhance recruitment pro-

cesses. It aims to show how NLP can improve the efficiency and effectiveness of recruitment

processes, particularly in the context of an internship campaign.

The study collected resumes and cover letters of candidates applying for an intern-

ship campaign, and used NLP techniques to extract relevant information and perform a

semantic analysis of the resumes and cover letters. The study also used ML algorithms

to classify the candidates according to their qualifications and skills. The results of the

study showed that the use of NLP in the recruitment process improved the efficiency and

effectiveness of the internship campaign by reducing the time and resources needed to

review resumes and cover letters and by identifying the most qualified candidates.

The article [26], presents a study on the design of an internship recruitment platform

that uses NLP based technologies. The authors proposed a recruitment platform that uses

NLP techniques to extract relevant information from resumes and cover letters, and ML

algorithms. The platform also includes a semantic search engine that allows employers

to search for candidates based on specific qualifications and skills. It was presented a

prototype of the platform and discussed the potential benefits of using NLP in recruitment

processes, such as reducing the time and resources needed to review resumes and cover

letters and identifying the most qualified candidates. The prototype could be used as a

starting point for further research or development.

The scientific article [15] discusses the increasing importance of recruiting and tal-

ent acquisition within the field of Human Resource Management (HRM), particularly for
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high-tech positions. With the rise of specialized companies in the knowledge economy,

the selection and retention of skilled employees have become critical for organizational

success. This has led to the development of various software tools and technologies, in-

cluding artificial intelligence (AI), to improve efficiency in HR operations and recruitment

processes.

The article categorizes the software tools used by recruiters and talent acquisition

professionals into three categories: job aggregator software, candidate assessment soft-

ware, and applicant tracking software (ATS) tools. Job aggregator software collects and

organizes job postings from various websites, effectively attracting potential applicants.

Candidate assessment software evaluates individuals based on preset criteria and mea-

sures, assisting in the selection process. ATS tools help recruiters manage the recruitment

process, from creating job postings to on boarding selected candidates.

AI-based tools for candidate engagement utilize chatbots to interact with candidates,

provide updates, and schedule interviews. AI-based tools for candidate selection combine

pattern recognition and analysis with ML to assess candidates’ facial expressions, voice,

and tone during video interviews. The authors emphasize the need to incorporate human

touch and core values alongside technological advancements in order to create an efficient

and cost-effective approach to talent acquisition.

[8] explores the use of NLP techniques in data-driven HR to improve the recruiting

process. The researchers developed a resume parser using NLP to analyze key recruitment

parameters. They also used a pie chart representation for candidates in the algorithmic

structure of the parser, making it a powerful tool for resume matching based on job criteria.

To evaluate the accuracy of the resume parser, the researchers applied the firefly ranking

algorithm. They achieved an overall accuracy of 94.19 per cent with their approach,

indicating the robustness and accuracy of the results.

The article discusses the challenges faced in the traditional method of manually skim-

ming and scanning through resumes, highlighting the error-prone nature of this approach.

To overcome these challenges, the researchers used a three-level hierarchical structure to

parse resumes, consisting of segments, blocks, and chunks. They utilized the structured

nature of resumes to classify and extract information, achieving high accuracy in segmen-

tation and identification rates of named entities.
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The paper [4] describes an Intelligent Decision Support System (IDSS) for evaluating

CVs using natural language processing techniques. The proposed system is designed to

automate the process of CV evaluation, which is traditionally time-consuming and re-

quires significant human effort. The system is based on algorithms that analyze the CVs

and extract relevant information, such as the candidate’s skills, education, experience,

and achievements. The system then uses this information to recommend the candidate’s

suitability for a particular job.

The paper provides a detailed description of the algorithms used in the system, includ-

ing the preprocessing steps, feature extraction, and classification models. The system is

trained and evaluated using a data set of 300 CVs and achieves an accuracy of 94.3 per

cent. The findings of the study suggest that the proposed approach is effective in screening

and filtering CVs. The tool can provide decision makers with a shortlist of applicants who

meet the criteria defined by the organization. This not only speeds up the hiring process

but also reduces bias and inconsistency in decision making.

Ethics is an important consideration when applying NLP techniques to recruitment

and sentiment analysis. The use of NLP in these areas has the potential to greatly improve

efficiency and effectiveness, but it also raises ethical concerns related to privacy, bias, and

discrimination.

In the area of recruitment, NLP can be used to analyze resumes and job applications

to identify candidates who are a good fit for a position. However, there is a risk that

NLP algorithms may perpetuate existing biases or discriminate against certain groups of

people, such as those from marginalized backgrounds. It’s essential to ensure that the

data used to train the algorithm is diverse and that the algorithm is evaluated for any

potential bias.

Sentiment analysis, which uses NLP to determine the emotional tone of text, is also

subject to ethical concerns. For example, using sentiment analysis to evaluate social

media posts for the purpose of making employment decisions can raise privacy concerns.

Additionally, sentiment analysis algorithms may be subject to bias, resulting in inaccurate

analysis, particularly when analyzing text from underrepresented groups.

Moreover, the use of NLP in these areas also brings up issues around data privacy,

ownership, and control. When collecting data on individuals, it’s important to obtain
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informed consent, to be transparent about how the data will be used, and to take steps

to protect the data.

One notable example of ethical concerns related to the use of NLP in recruitment is

the case of Amazon’s automated hiring tool. The company developed an algorithm to help

screen job applicants, but it was discovered that the algorithm had a bias against female

candidates because it was trained on resumes submitted to the company over a 10-year

period, which were mostly from men. The algorithm also had difficulty assessing resumes

that used words such as ”women” or ”female,” which led to it downgrading resumes that

included those words. As a result, Amazon had to discontinue using the algorithm in their

recruitment process.

The article [14], presents an overview of the ethical issues that arise when using AI

systems in hiring and provides a case study of Amazon’s AI-based hiring tool. The aim

of implementing AI in hiring is to save time and money by efficiently identifying top

applicants. Amazon’s system used NLP and ML to analyze resumes and rate candidates

on a scale of 5 stars. However, the system was found to have a gender bias, downgrading

resumes that included terms related to women or graduates from all-women’s colleges.

The article highlights the challenges in adopting AI technologies, particularly related

to technological, privacy, and ethical concerns. Privacy issues arise when training AI

systems with personal data of applicants, raising questions about data consent. Ethical

dilemmas include ensuring fairness, managing conflicting ideas, maintaining diversity, and

preserving contextual integrity. The article discusses the different definitions of fairness

in computer science and the difficulties in optimizing AI systems to meet these various

definitions.

The company and engineers were responsible for designing and implementing the sys-

tem, but they did not consider moral and ethical requirements or thoroughly test the

system. Managers relied on the system without questioning its biases. Legal implications

are also discussed, including violations of employment equality acts and personal data

protection regulations.

The study emphasizes the importance of considering ethical, privacy, and legal im-

plications when using AI systems in hiring. While AI can improve efficiency, it must be

implemented carefully to avoid biases and the potential for discrimination.
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The article [13], presents a systematic review of the literature on discrimination and

fairness by algorithmic decision-making in the context of HR recruitment and development.

The study aims to provide an overview of the current state of research on the use of algo-

rithms in HR and to identify the main challenges and solutions related to discrimination

and fairness.

The study found that the use of algorithms in HR can lead to a number of ethical issues

such as bias, discrimination, and lack of transparency. The study also found that there

are challenges in addressing these issues, such as the lack of data privacy and security, and

the lack of interpret ability of the algorithms.

The study also reviewed solutions proposed in the literature such as the use of explain-

able AI, bias detection and correction algorithms, and the use of diverse data sets to train

the algorithms.

This study provides a comprehensive overview of the current state of research on

the use of algorithms in HR and the challenges and solutions related to discrimination

and fairness, the authors of this study also provide recommendations for organizations

and future research on the topic. Additionally, it highlights the importance of ensuring

fairness and transparency in the use of algorithms in HR processes such as recruitment

and development and the importance of addressing ethical issues related to discrimination

and bias.

Another example is in case of a Japanese company that developed a recruitment system

that uses facial recognition technology to evaluate job applicants. The company claimed

that the technology can assess candidates’ personalities and emotions, but it raised con-

cerns about privacy and the potential for bias.

These cases highlight the importance of regularly evaluating NLP algorithms for po-

tential bias and engaging in ongoing dialogue with stakeholders to ensure that the use of

these techniques is fair and ethical. It’s also essential for companies, organizations and Re-

searchers to provide transparency about their data collection and decision-making process

and are in compliance with laws and regulations.

[6] is a research paper that provided an overview of the types of bias that can occur in

NLP systems and discusses strategies for detecting and mitigating bias in NLP systems.

The paper starts by defining bias in NLP and identifying the different sources of bias
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in NLP systems, such as biased data, biased algorithms, and biased evaluation metrics.

It also examines how bias in NLP can affect the performance and the decision-making

process of the system.

The paper then provides an overview of the current state of research on bias in NLP,

including a summary of the methods that have been proposed to detect and mitigate bias

in NLP systems. These methods include techniques for identifying and removing bias

from the data, such as data preprocessing and data augmentation, methods for detecting

bias in algorithms, such as fairness metrics and bias detection methods, and methods for

mitigating bias in the algorithm, such as debiasing methods and adversarial training.

The paper also highlights the importance of considering different types of bias and

their potential impacts, and it suggests ways to identify the potential sources of bias in

the data and algorithms.

The authors conclude by pointing out that bias in NLP is a complex problem that

requires a multi-faceted approach, involving the examination of data, algorithms, and

evaluation methods. They also stress the importance of considering the downstream im-

pact of the bias and the potential harms for certain groups and to engage in ongoing

dialogue with stakeholders to ensure that the use of these techniques is fair and ethical.

In conclusion, NLP techniques have the potential to greatly benefit recruitment and

sentiment analysis, but it’s crucial to be mindful of the ethical concerns and take steps to

mitigate any potential negative impacts.
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Chapter 3

Methodology

This chapter presents the approach that will be taken to carry out the project.The

methodologies that will be used for the research, development, and implementation of

the project are presented. Specifically, the chapter will describe how the Research and

Development (RD) process, and the Engineering Design Process (EDP) will be employed

to ensure that the project is completed in a systematic, efficient and effective manner.

The RD process is a systematic approach that encompasses various stages, each con-

tributing to the development of new goods or services. It begins with the identification of

potential areas for improvement or innovation within a particular industry or organization.

This initial step involves exploring new ideas, concepts, and emerging technologies.

Basic research is focused on advancing knowledge and understanding of a particular

field or topic. It is typically conducted in universities or research institutions and is often

driven by curiosity or a desire to gain new insights.

Applied research, on the other hand, takes the knowledge and understanding gained

from basic research and uses it to develop new products, processes or services. This

is typically done in industry and government organizations, it’s goal is to solve specific

problems and improve the performance of existing products or create new ones.

Even though the RD process can be time-consuming and expensive, it can also result

in important advancements and discoveries that can yield high returns on investment. It is

one of the main forces behind innovation, which is essential in any setting where businesses

compete.

The EDP is a part of the process of RD’s applied research. In several disciplines, such
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as engineering, product design, and software development, EDP is an organized method

for resolving issues and developing new products or systems. It is frequently employed as a

method of putting the findings of the research phase into practice by taking the knowledge

and understanding acquired via fundamental research and converting it into a useful and

practical design.

In RD process, the initial phase focus on gathering information and data relevant to

the problem at hand, and identify the objectives and constraints of the project. The next

step is generating solutions, this include the process of creativity and brainstorming where

different solutions are proposed.

Then, by using the EDP, the project team can systematically and methodically evaluate

the feasibility, cost, and performance of each solution, and select the best one. The EDP

then helps to guide the development of detailed specifications for the chosen solution,

including drawings and models. Finally, the EDP is used to build and test a prototype,

implement and evaluate the solution in real-world setting and refine and improve it based

on the feedback and evaluation.

This process is iterative, it may go back to certain steps of the process if needed to

improve or revise the solution. Each of these steps helps to ensure that the final solution

is well thought-out, feasible, and meets the needs of the project.

The first step of the EDP, defining the problem, can help to recognize the specific

difficulties associated with selection within the context of urban platforms, including the

requirement for speed and effectiveness in the selection process, as well as the desire to

utilize the creative ideas and abilities provided by start-ups and entrepreneurs.

During the research phase, data will be gathered regarding the needs of urban plat-

forms, their current state, and existing methods to attract talent.

The generate solutions step will include the process of brainstorming, which will allow

to come up with different solutions to the problem of finding suitable partners for projects,

including the use of AI and NLP techniques for content matching.

Evaluating solutions step, to assess the feasibility and performance of each solution

and select the best one. This step will be important to ensure that the chosen solution is

well thought-out, feasible, and meets the needs of the project.

Next step is developing a design, this step requires creating detailed specifications for
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the chosen solution, including drawings and models.

Building and testing, a prototype of the solution will be developed and tested to

determine its performance and identify any issues that need to be addressed.

Implementing and evaluating step, implement the solution in real-world setting and

evaluate its performance.

Finally, refining and improving, based on the feedback and evaluation, refine and

improve the solution.

By using EDP, it will be possible to systematically and methodically develop a solution

that uses AI and NLP techniques to develop an efficient and effective content matching

tool.
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Chapter 4

Experimental Setup

As mentioned previously, organizations are constantly evolving into increasingly com-

plex environments due to global competition, creating a need for partners and service

providers who can meet their needs and help them improve the quality of their services.

In this scenario, the content matching tool aims to help establish partnerships of strategic

interest to respond to the innovation needs of these organizations.

The following sections will describe the steps to create the content matching tool.

4.1 Construction of the Data Set

The development of the tool requires a significant amount of data that is relevant and

specific to the task, such as information about the needs and ideas of the business sector,

as well as information about the skills and offers of start-ups and entrepreneurs.

Creating a specific dataset for the project would involve several steps, such as:

• Data collection: gathering relevant data from various sources, such as news articles,

social media posts, and websites, that pertain to the needs and ideas of the business

sector, as well as the skills and offers of start-ups and entrepreneurs.

• Data cleaning: removing any irrelevant or redundant information from the data,

such as special characters, punctuation, digits, and stopwords, as well as converting

text to lowercase and removing duplicate data.

• Data annotation: labeling the data with relevant categories or tags, such as the type
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of need or idea, or the type of skill or offer, so that it can be used for training and

evaluating the NLP models.

• Data preprocessing: applying the different text preprocessing techniques, such as to-

kenization, stemming, lemmatization, stopword removal, Named-entity recognition,

part-of-speech tagging, so that the data is ready for the matching process.

Creating a specific dataset for the project required a significant amount of time and

resources, but it is essential for the success of the project. A good dataset would ensure

that the matching process is accurate and effective, which is the ultimate goal of the tool.

4.1.1 Using AI models to generate data

The expansion of the dataset was deemed necessary to facilitate the development

of the tool. This imperative arose from the need for a substantial volume of pertinent

and task-specific data. This encompassed comprehensive information pertaining to the

requirements and conceptualizations within the business sector. Additionally, there was

a requisite for detailed insights into the skill sets and propositions put forth by start-ups

and entrepreneurs.

To fulfill this need, a larger dataset was curated, leveraging data generated through

interactions with the ChatGPT model. This augmentation was instrumental in enhancing

the diversity and richness of the dataset, ensuring a more robust foundation for the tool’s

development.

Projects Dataset has the following collumns:

• Project: A unique identifier for each project.

• Name: The name or title of the smart cities project.

• Description: A brief description of the project, outlining its goals and objectives.

• Technologies: Technologies associated with the project, providing insights into the

tools and innovations involved.

• Ideal Partners: The types of partners or collaborators deemed ideal for the successful

implementation of the project.
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Candidates Dataset is organized as follows:

• Candidate Name: The name of the candidate company or startup.

• Industry: The industry or sector to which the candidate company belongs.

• Candidate Description: A description of the candidate company, providing informa-

tion about its expertise, focus areas, and offerings.

These projects and candidates were hypothetical and created for testing purposes. The

candidates were created with diverse industry backgrounds, company names, and company

descriptions to simulate realistic variations.

The projects dataset comprises 100 distinct projects (Figure 4.1), while the candidate

dataset includes a total of 300 candidates (Figure 4.2).

Figure 4.1: Projects Dataset

Figure 4.2: Candidates Dataset
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4.2 Development of the solution - Content Matching Tool

for City Improvement

This section presents a comprehensive overview of the solution, including text prepro-

cessing techniques, text representation using TF-IDF, GUI development, and the potential

inclusion of sentiment analysis. These steps are fundamental to develop an efficient and

user-friendly Content Matching tool for bussiness.

4.2.1 Text Preprocessing

The goal of preprocessing is to prepare the text data for analysis by cleaning, normal-

izing, and structuring it.

There were studied several approaches to perform text preprocessing. The choosen

techniques were tokenization, stopwords removal, lemmatization and lowercasing, using

the NLTK library. (See Figure 4.3)

Figure 4.3: NLTK Library - Text Preprocessing

The first step in preprocessing is tokenization, which involves breaking down the text

into individual words/punctuation, known as tokens. This is done using the ”word tok-

enize” function. For example, the sentence ”Waste management companies with expertise

in optimizing collection routes, Environmental NGOs focusing on sustainable waste prac-

tices, Technology companies specializing in IoT and data analytics.” is going to be divided

in 26 tokens, some of them are in Figure 4.4.
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Figure 4.4: Text after performing tokenization

Next, the text is cleaned by removing stop words, commonly used words that do not

provide much meaning, such as ”and” and ”the”, using the nltk.corpus.stopwords module.

Another important preprocessing step is lemmatization, which is the process of re-

ducing words to their base or root form, known as lemma. This is done using the

nltk.stem.WordNetLemmatizer() function and it helps to reduce the dimensionality of

the data and improve the efficiency of the algorithm. Additionally, lowercasing is per-

formed and punctuation is removed from the text to keep consistency and improve the

efficiency of the algorithm.

Figure 4.5 has the implementation of the method that was described.

Figure 4.5: Text Preprocessing Method

4.2.2 Text Representation using TF-IDF - English Languge

TF-IDF is a statistical measure that is used to evaluate how important a word is to a

document in a collection of documents. It is a product of two statistics, term frequency
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(TF) and inverse document frequency (IDF). The TF component measures the number of

times a word appears in the document, while the IDF component measures the rarity of

the word across the entire collection of documents. A document refers to a unit of text

that is treated as a single entity for analysis.

The resulting TF-IDF score for a word in a document represents the importance of that

word to the document, with higher scores indicating that the word is more important to the

document. By creating a numerical representation of the text using TF-IDF, words that

are important to the document are given more weight and words that are not important

are given less weight.

Cosine Similarity as an Evaluation Metric

The Cosine Similarity is a measure of similarity between two non-zero vectors of an

inner product space. It is calculated by taking the dot product of the vectors and dividing

it by the product of their magnitudes. In the context of text analysis, the TF-IDF vectors

of two documents are used to calculate the cosine similarity between the documents.

The cosine similarity score ranges from -1 to 1, with 1 indicating that the documents

are identical and -1 indicating that the documents are completely dissimilar. A cosine

similarity score of -1 in text analysis implies a strong contrast or opposition in the content

of the two documents. This could occur when the terms and features present in one

document are, to a large extent, the opposite of those in the other document.

In this way, the code uses the TF-IDF vector representation of the text and Cosine

Similarity as a metric to determine the similarity between two inputted documents. The

results are presented in a numerical format, which allows for easy comparison of the

similarity between the two documents, as shown in Figure 4.6.

Then, it calculates the TF-IDF vectors for each document, which represent the relative

importance of each word in the document (See Figures 4.7 and 4.8).

First, it checks if the similarity value is greater than 0. If it is, then the documents

have some overlap in content. It then checks if the similarity value is equal to 1, in which

case the documents are identical. If so, it prints a message indicating this. If the similarity

value is not equal to 1, the code then checks if the similarity value is greater than 0.5. If so,

it prints a message indicating that the documents are quite similar. Otherwise, it prints
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Figure 4.6: TF-IDF with Cosine Similarity to compare documents

Figure 4.7: Libraries used for Text Representation

Figure 4.8: TF-IDF vector representation in Python

a message indicating that the documents are somewhat similar. If the similarity value is

equal to 0, then the documents have no overlap in content. Finally, if the similarity value

is negative, it means that the documents have opposite content. Figure 4.9 presents how

this algorithms works.
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Figure 4.9: Algorithm for the Content Matching Tool

The code calculates the cosine similarity between the two vectors to determine the

degree of overlap in content between the two documents. It prints a message indicating

the similarity between the two documents based on the degree of overlap. It also identifies

the common lemmas between the two documents and prints out the relevant topics for

each common lemma using the WordNet library. (See Figure 4.10)

Finally, the code calculates the term frequency (TF) for each word and merges it with

the IDF scores.

4.2.3 Algorithm for Portuguese Language

Text preprocessing plays a crucial role in preparing text data for analysis. For En-

glish text, standard techniques such as tokenization, removal of stop words, punctuation,

and lemmatization using the WordNetLemmatizer, where sufficient. These steps help to

normalize the text and reduce noise, enabling more accurate analysis.

However, as the Portuguese language is more complex than English, there was a need

for the tool to incorporate specific preprocessing techniques to handle Portuguese text

effectively.

Using the previous code as starting point, a few changes were applied so the tool works
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Figure 4.10: Cosine Similarity in Python

with Portuguese language.

The language used for stop words has been changed from English to Portuguese.

The method used to tokenize the text is the same, but the ”word tokenize” method

from nltk in this case it’s used for Portuguese text, 4.11.

Figure 4.11: Text Preprocessing for Portuguese Language

This tailored approach to text preprocessing is crucial for optimizing the accuracy and

relevance of the content matching tool when working with Portuguese textual data.

The subsequent steps in the algorithm, including TF-IDF representation and cosine

similarity calculation, remain unchanged, providing a robust and language-specific solution

for matching content in Portuguese documents.
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This adaptation enhances the tool’s capability to effectively analyze and match con-

tent in both English and Portuguese, extending its utility and relevance in multilingual

contexts.

The final implementation of the content matching tool demonstrates its versatility in

accommodating different languages and its potential to serve as a valuable resource for

businesses operating in diverse linguistic environments.

4.2.4 Graphic User Interface

The development of a graphical user interface (GUI) that can be used by HR teams

to easily navigate and interact with the tool. To make the tool more accessible and

user-friendly, allowing recruiters to quickly and efficiently identify the most promising

candidates for a given position.

Flask is a lightweight web framework for Python, known for its simplicity and mini-

malistic design. It is considered a microframework because it does not impose any specific

tools or libraries on developers. Instead, Flask is built on top of the Werkzeug WSGI

toolkit and uses the Jinja2 template engine.

One of the main advantages of Flask is its straightforward and easy-to-use API, which

allows developers to quickly build web applications. The framework prioritizes simplicity

and adheres to the ”Keep It Simple, Stupid” (KISS) principle. By minimizing unnecessary

complexity, Flask enables developers to focus on the core functionality of their applications

while keeping the codebase clean and maintainable.

Routing is another essential feature provided by Flask. It simplifies the process of

handling different URLs within the application. Developers can easily define routes and

associate them with specific functions that handle the corresponding requests. This flexi-

bility makes it effortless to create various pages and endpoints for the web application.

A GET request is used to retrieve data from a server. In Flask, handling a GET request

is quite simple. It is used the ‘@app.route‘ decorator to define a route for a specific URL.

The POST method is used to send data to a server to create or update a resource. In

Flask, it is possible to define a route that responds to POST requests in a similar way to

the GET method. (See Figure 4.12)

The home() function is the handler for the home route. It handles both GET and
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Figure 4.12: Route for the Home Page

POST requests. If the request method is GET, the home template (’index.html’ - Figure

4.13) is rendered without a warning message. If the request method is POST, the function

retrieves the documents from the request form data.

Figure 4.13: index.html - Home Template Rendered

The code checks if both documents are provided. If either document is missing, the

home template is rendered with a warning message. (Figure 4.14)

Figure 4.14: Warning Message - Empty Document

The methods used to do the content matching between the documents were described

in subsection 4.2.2.

The result template (’result.html’) is rendered with the response message and the

common lemmas. In section 4.3 it will be analysed how the GUI is working.
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4.2.5 Sentiment Analysis

For candidates seeking engagement in smart cities projects, leveraging sentiment analy-

sis becomes crucial in gaining comprehensive project insights. Notably, sentiment analysis,

powered by NLP, goes beyond deciphering emotional tones in various textual sources—it

serves as a multifaceted tool. Firstly, it allows candidates to assess the compatibility of

the project by analyzing sentiments in collaborator reviews, providing a nuanced under-

standing of the collaborative environment and its alignment with professional objectives.

Secondly, this tool aids in identifying potential challenges within the project. By

scrutinizing sentiments in project-related discussions, candidates can uncover issues such

as communication gaps or resource constraints, allowing for a proactive assessment of the

project’s feasibility and potential impact on job satisfaction.

Thirdly, candidates can employ sentiment analysis to evaluate the quality of project

deliverables and the project’s standing in the professional community. Analyzing com-

ments and discussions related to the project’s outputs provides valuable insights into the

project’s reputation and its ability to deliver high-quality results. This information as-

sists candidates in making informed decisions about contributing to projects with positive

public perception and a track record of successful outcomes.

Feeling Extraction using APIs - Twitter and LinkedIn

To perform sentiment analysis on social media data, an API-based script was planned

to scrape posts from a specified platform, retrieving content related to a specific topic of

interest. This approach woul allow collecting relevant textual data for further analysis

and sentiment classification.

In the realm of partnerships, social media platforms can prove to be invaluable for

potential future partners. These platforms offer a wealth of information that enables part-

ners to gain insights into the entity that has proposed an offer and assess its alignment

with their expectations, beliefs, policies, and values. By examining the entity’s online pres-

ence, including their posts, engagements, and interactions with their audience, potential

partners can gauge their reputation, credibility, and the consistency of their messaging.

Social media platforms also provide an avenue for observing public sentiment and reac-
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tions towards the entity, allowing future partners to assess how the proposed partnership

might be perceived by the wider audience. Furthermore, by analyzing the entity’s engage-

ment with their existing partners, stakeholders, and customers on social media, potential

partners can gain a deeper understanding of their collaborative approach and the level of

satisfaction among their existing network.

One of the key advantages of using the Twitter API for sentiment analysis is the

ability to access real-time data. This is particularly useful when studying rapidly evolving

topics or events. Researchers and developers can monitor the Twitter stream in real-time,

allowing them to capture and analyze the most recent tweets related to their chosen topic

of interest. This real-time access is crucial for staying up-to-date with the latest public

sentiment and for accurately capturing the dynamic nature of social media discussions.

To perform sentiment analysis, with access to the Twitter API, implies several step as

shown in Figure 4.15.

• Set up Credentials: Obtain the necessary credentials (API key, API secret key, Access

token, and Access token secret) from the Twitter Developer platform to authenticate

and access the Twitter API.

• Access the Twitter API: Utilize a suitable library or programming language (e.g.,

Tweepy for Python) to connect and interact with the Twitter API.

• Authenticate with the Twitter API: Use the obtained credentials to authenticate the

application or script with the Twitter API to enable data retrieval.

• Define Search Query: Specify the search query parameters to define the scope and

topic of the tweets to analyze. This includes keywords, hashtags, usernames, lan-

guage, location, and date range.

• Fetch Query: Execute the search query using the Twitter API to retrieve relevant

tweets based on the specified parameters. Retrieve the tweet text, user information,

and other relevant data.

• Preprocess the Tweets: Clean and preprocess the retrieved tweets by removing un-

necessary elements like URLs, special characters, and stopwords. Perform tasks like
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tokenization, stemming, and removing punctuation to prepare the text for sentiment

analysis.

• Perform sentiment analysis: Apply a sentiment analysis algorithm or model to the

preprocessed tweets to determine the sentiment polarity (positive, negative, or neu-

tral) associated with each tweet.

• Filter and Analyze the Results: Filter the analyzed tweets based on sentiment labels

or confidence scores. Perform further analysis, such as aggregating sentiment by

user, topic, or timeframe, to gain insights into sentiment trends.

• Present the Results: Visualize and present the sentiment analysis results using suit-

able charts, graphs, or reports. Communicate the findings, including sentiment

distribution, sentiment changes over time, and any significant patterns or trends

observed.

Figure 4.15: Algorithm for Sentiment Analysis with Twitter API
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Using LinkedIn to extract sentiment about companies can be more effective than using

Twitter for a few reasons:

• Audience: LinkedIn is a professional social media platform where people share their

work experiences, skills, and connect with other professionals. Most of the users

of LinkedIn are individuals with professional profiles and they share their opinions

mainly related to their workplace, job opportunities, and other professional-related

topics. In contrast, Twitter is a more general social media platform where people

share a wide range of topics.

• Professionalism: LinkedIn is a more professional platform, and as such, users are

more likely to express their opinions in a more constructive and formal manner.

They may be more willing to give detailed feedback and express their opinions in

a way that is less likely to be influenced by emotions or bias. On the other hand,

Twitter users might be more inclined to express their opinions in a more casual,

informal, and often more emotional way.

• Company focus: LinkedIn is a platform where individuals connect with other people,

companies and organizations. Therefore, it is possible for a company to create their

own page and collect feedback from their followers and customers. In contrast, on

Twitter, it is possible to find feedback about a company, but it is mixed in with a

wide range of other topics and comments.

• Quantity vs Quality: LinkedIn has less number of users than Twitter, which makes

the amount of data to be analyzed to be lower. However, the data generated on

LinkedIn tend to be more relevant, high-quality, and informative when compared

to Twitter as LinkedIn users tend to be more engaged with the platform and they

usually express their thoughts and opinions in a more professional manner. In con-

trast, Twitter users are more likely to post in a more casual and informal way, and

the volume of tweets can be overwhelming to analyze, making it difficult to extract

meaningful insights. This makes LinkedIn a more effective platform for extracting

sentiment about a company as it tends to provide a more targeted and relevant data

set.
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To extract sentiment from comments on LinkedIn, a similar approach can be used as

with Twitter. However, in this case, a developer account on LinkedIn is required. It is

possible to compare the steps with the previously presented Twitter API in Figure 4.16.

Figure 4.16: Algorithm for Sentiment Analysis with LinkedIn API

Algorithm for Sentiment Analysis

In this initial stage of the project, a pre-existing dataset was chosen over collecting

data from Twitter or LinkedIn using their APIs. This decision was made due to the

requirement of having an application to use the APIs. Additionally, the free version of the

APIs has limitations on the amount and type of data that can be collected.

When using web scraping tools to collect data from websites like Twitter and LinkedIn,

it is important to be aware of the legal implications. Web scraping without permission

from the website owner is generally considered a violation of their terms of service and

may result in legal consequences such as cease and desist letters, account suspension, or

even lawsuits. In addition, the data obtained through web scraping may not always be
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accurate or up to date, as websites can change their structure or content at any time.

Web scraping refers to the automated process of extracting data from websites. It

involves accessing the HTML code of a webpage and extracting the desired information,

such as text, images, or links. While web scraping can be a powerful tool for data collection

and analysis, it is essential to understand the legal considerations involved.

To avoid legal issues and ensure ethical data collection practices, using a pre-existing

dataset was the selected approach. It also saves time and effort that would be required

to collect and clean the data. The dataset chosen, Glassdoor Job Reviews [9], contains

over 1.5 million reviews of companies, making it a rich source of information. In contrast,

collecting data from social media platforms would require extensive filtering to remove

irrelevant data and ensure data quality.

The dataset includes reviews of various companies with columns representing the re-

view date, job details, location, reviewer status, and feedback. Reviews are categorized

into sub-sections, covering Career Opportunities, Compensation and Benefits, Culture and

Values, Senior Management, and Work/Life Balance. Additionally, employees can provide

recommendations for the firm, CEO, and outlook.

Numeric ratings are assigned based on recommendation levels: ”v” for Positive, ”r”

for Mild, ”x” for Negative, and ”o” for No Opinion.

To perform sentiment analysis using a dataset instead of retrieving information using

an API has different steps. It was necessary to choose the suitable libraries. Figure 4.17

has the libraries used in the developed algorithm, and those include:

• Pandas is a powerful data manipulation and analysis library that provides data

structures like dataframes, which are commonly used for handling structured data.

• TextBlob is a powerful library for NLP tasks, including sentiment analysis. It pro-

vides an intuitive API for text processing and sentiment polarity calculation.

• Matplotlib is a popular data visualization library in Python. The pyplot module

provides a simple interface for creating various types of plots, including pie charts

and line plots. It is employed to visualize the sentiment analysis results using a pie

chart, allowing for a clear representation of the distribution of positive, negative,

and neutral sentiments among the reviews.
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• The re library is imported to work with regular expressions. Regular expressions are

patterns used to match and manipulate text data, which can be helpful for filtering

and processing strings.

• NLTK: In this algorithm, NLTK is used to tokenize the text and remove stopwords

during the text preprocessing step.

Figure 4.17: Python Libraries - Sentiment Analysis

As mentioned previously text preprocessing has a major role when working with text,

in this algorithm it involves techniques such as:

• Lowercasing: The reviews’ text is converted to lowercase letters. This normalization

step ensures that words with different cases are treated as the same and avoids

redundancy in the analysis. For example, ”Good” and ”good” would be considered

identical after lowercasing.

• Special Character and Number Removal: The re library is used to remove special

characters and numbers from the text. Regular expressions are employed to match

and remove any characters that are not letters or whitespace. This step helps elim-

inate noise from the text data, focusing solely on the words’ content and structure.

• Tokenization: Tokenization is the process of splitting the text into individual tokens

or words. The nltk library’s wordtokenize function is utilized to tokenize the reviews.

Tokenization allows for analyzing and processing individual words separately, which

is essential for sentiment analysis.

• Stopword Removal: Stopwords are common words (e.g., ”the,” ”and,” ”is”) that

often do not contribute much to the sentiment or meaning of the text. The nltk

library’s stopwords module provides a set of predefined stopwords for different lan-

guages. In this algorithm, English stopwords are employed to filter out these common

words and reduce noise in the sentiment analysis.
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• Joining Tokens: After removing the stopwords, the remaining tokens are joined back

together to form a clean review. Joining the tokens helps maintain the context and

structure of the original text, facilitating accurate sentiment analysis.

The code loads the dataset containing the reviews using a function from pandas. The

user is prompted to enter the name of the firm they want to search for. The code filters

the dataset to retrieve reviews that contain the specified firm’s name.

Sentiment analysis is performed using the TextBlob library. (Figure 4.18)

Figure 4.18: TextBlob to perform Sentiment Analysis

When using TextBlob to analyze the sentiment of a text, numeric values for both

polarity and subjectivity are provided. The polarity value indicates the degree of negativity

or positivity within a sentence. This allows to determine whether a sentence leans towards

a negative or positive sentiment. On the other hand, subjectivity refers to the extent to

which a text is objective or subjective.

The TextBlob library lacks a dedicated built-in model for sentiment analysis. Instead,

it relies on a default pre-trained model known as ”Pattern” for tasks like sentiment analysis.

”Pattern” functions as a text mining module and provides various capabilities, including

sentiment analysis.

TextBlob employs a sentiment-calculating algorithm, the ”Pattern” model, that rates

each word in its lexicon. This algorithm assigns a sentiment score to each word, indicating

whether it is positive, negative, or neutral. These sentiment scores are then used to

calculate the overall sentiment of a text.

When analyzing the sentiment of a single word using TextBlob, the technique used is

called ”averaging”. This technique involves applying it to the polarity values in order to

calculate a polarity score for each individual word. This same procedure is then applied

to every single word in a given text, resulting in a combined polarity score for larger texts.

The process begins by assigning a polarity value to each word in the text, indicating

whether it conveys a positive, negative, or neutral sentiment. These polarity values are
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then averaged to derive an overall polarity score for each individual word.

This process is iterated for every word in the text. The polarity score is calculated

for each word, and these scores are subsequently combined to generate a final polarity

score for the entire text. This aggregated polarity score represents the overall sentiment

conveyed by the larger text.

The code generates a pie chart using the methods in Figure 4.30 to visualize the

sentiment analysis results. The pie chart shows the distribution of positive, negative, and

neutral sentiments based on the polarity scores. The pie chart is plotted using plt.pie()

with the specified labels, colors, and formatting options.

Figure 4.19: Sentiment Analysis Results Plot

In the end, the number of reviews for the specified firm using string formatting is

displayed.

4.3 Results

The following section presents a comprehensive analysis of the results obtained through

the implementation of this project.

4.3.1 Content Matching Tool

As cities around the world continue to face obstacles related to population growth,

urbanization, and sustainability, many are turning to smart city solutions to improve

the lives of their citizens and optimize city operations. To achieve this transformation,

partnerships between cities and private companies, startups, academic institutions, and

other stakeholders are essential. One area where these partnerships can be particularly

valuable is in the development of smart transportation systems and infrastructure such as

smart buildings, streetlights, and waste management systems.
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The algorithm presented helps to solve the difficulty of finding partners by using TF-

IDF vector representation of text and Cosine Similarity as a metric to determine the

similarity between two documents. This allows the code to compare the similarity between

the needs and offers from potential partners in a numerical format, making it easier to

prioritize which partnerships to analyze first. This project applies TF-IDF and Cosine

Similarity to the task of matching potential partners, which is a different application than

recommendation systems that use these techniques for personalized recommendations.

The tool created is capable of matching the needs with the skills and offers. However, it

is important to note that even with the implementation of this automated tool, HR teams

are still crucial to find a good match for the partnership. While the tool can help filter and

prioritize corporate profiles, it cannot replace the human touch needed for recruitment.

A human touch is still required to ensure that the process of choosing a partner is fair,

objective, and aligned with the company’s or organization’s values and culture.

In Figure 4.20, it is possible to analyse how the algorithm helps to match the content

between the proposal and the potential partner.

To test the system, using the data in the candidates dataset, three candidates were

choosen for a project in the projects dataset, ”Smart Healthcare for Enhanced Patient

Care”.

Figures 4.21 and 4.22, show how the system would handle a description that it is not

similar to the project description. Although the algorithm finds some overlap in content,

when the common words are analysed it is possible to conclude that they are general words

and don’t relate directly with the nature of the project. The HR team should exclude this

candidate.

The description of a company that has the requirements to develop the project is

tested in Figures 4.23 and 4.24, By looking at the common words, the conclusion is that

this company is a suitable candidate to have in consideration by the HR Team, and should

be the first in the list. Then a third candidate will be tested, only after having the results

the HR can organize the final list of suitable candidates.
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Figure 4.20: Content Matching Tool

Figure 4.21: Analysis - Candidate 1

Finally, the third candidate, Figures 4.25 and 4.26, have the description of this candi-

date, and the result of the comparison. This candidate might be a good partner for the

project, although there are more common words when compared to candidate two, the

cosine similarity value is a bit lower.

Page 50



Chapter 4. Experimental Setup

Figure 4.22: Result - Candidate 1

Figure 4.23: Analysis - Candidate 2

Figure 4.24: Result - Candidate 2

With the automated matching tool, the initial screening process can be made more

efficient, allowing HR teams to focus their attention on the most promising candidates.

By using NLP techniques for content matching, the system can quickly sift through large

volumes of texts from the potential partners and identify those that most closely match the
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Figure 4.25: Analysis - Candidate 3

Figure 4.26: Result - Candidate 3

project requirements. This can significantly reduce the time and effort spent on manual

screening.

The example shown proved that the HR team is still needed to evaluate the candidates

and organize their list to prioritize interviews of the most adequate candidates.

Although there are already tools available, such as ChatGPT, that can effectively

perform content matching, certain concerns regarding privacy and accuracy may arise.

These concerns may lead companies to reconsider this approach and opt for alternative

solutions.

Privacy concerns can emerge due to the nature of content matching, which involves
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analyzing and comparing sensitive information from different sources. Companies under-

stand the importance of protecting sensitive data, especially when it involves personal or

confidential information. The potential risks of sharing this data with external tools or

platforms may include unauthorized access, data breaches, or even misuse of the informa-

tion. As a result, many companies are cautious and hesitant to share such data, preferring

to keep it within their own systems where they can exercise greater control and ensure its

confidentiality.

In terms of privacy, it’s important to note that candidates for projects may also have

concerns about sharing their personal or company data, especially if there is a possibility

that this information could end up on a public platform accessible to everyone.

Candidates may hesitate to disclose sensitive information, such as proprietary knowl-

edge or confidential business strategies, fearing potential risks associated with exposing

their data to a wide audience. They may prefer to maintain control over the dissemination

of their information and restrict its access to trusted parties.

While AI models like ChatGPT have proven to be effective, there are concerns re-

garding their accuracy. The algorithms used in these tools may generate false positives

or miss relevant matches, which can result in incorrect content recommendations. Inaccu-

rate content matching can lead to user dissatisfaction, miscommunication, and even legal

implications. Companies relying solely on these tools should consider the potential risks

associated with inaccuracies and seek more reliable alternatives.

In order to evaluate the algorithm’s performance, a comparison was made between the

algorithm’s predictions and real-world correspondences. A supplementary dataset (ground

truth df) was created to contain information about the actual matches between projects

and candidates. This dataset includes columns such as ”Project,” ”Actual Candidate,”

and ”Correspondent,” where ”Correspondent” is marked as ”True” if the candidate is a

suitable match for the project, and ”False” otherwise.

For each project, three candidate entries were selected by ChatGPT, each with a

different level of relevance or suitability to the project.

The process involves loading the ground truth dataset, merging it with the algorithm’s

results based on the project names, and calculating accuracy by comparing the predicted

candidates with the actual corresponding candidates. The resulting accuracy value pro-
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vides a measure of how well the algorithm aligns with the real-world matches, which has

proven that ChatGPT does some incorrect content recommendations, Figure 4.27.

Figure 4.27: Accuracy for ChatGPT matching candidates

4.3.2 Sentiment Analysis

In this project, the primary objective was to gather tweets related to a specific topic.

The initial preference was to utilize the Twitter API for accessing real-time and com-

prehensive tweet data. However, the implementation of this choice faced a significant

obstacle due to the specific requirements for obtaining the necessary credentials to access

the Twitter API.

Access to the Twitter API requires the development of a dedicated application and

the acquisition of API keys, tokens, and secrets. Unfortunately, these credentials are

not universally available and are typically provided only under specific conditions. These

conditions often involve a detailed application process and meeting specific criteria set by

Twitter.

At the outset of this project, the requisite application for API access had not been

developed, hindering the ability to satisfy the criteria for obtaining API credentials. More-

over, considering the limitations of the free version of the Twitter API, including con-

straints on data volume and type, it became clear that alternative approaches needed to

be explored.

Recognizing the challenges and constraints associated with obtaining API credentials,

a pragmatic decision was made to opt for an alternative method. Instead of real-time data

collection through the Twitter API, the project utilized a pre-existing dataset related to

the specific topic of interest. This approach not only circumvented the immediate barriers

posed by the API access requirements but also allowed for a more straightforward and
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efficient initiation of the project.

While the use of the Twitter API remains a valuable option for future stages of the

project, the decision to employ a pre-existing dataset at the project’s outset was driven

by the need to overcome the initial hurdles associated with API access. This approach

ensured that the project could commence without delays and provided a solid foundation

for subsequent phases of analysis and exploration.

The section of the code in Figure 4.28 was developed to assess the accuracy of the

developed sentiment analysis algorithm. The process involves:

• Creating Sentiment Labels: Based on the calculated sentiment polarity scores, sen-

timent labels are assigned to each review. A label of 1 is assigned for positive

sentiment, -1 for negative sentiment, and 0 for neutral sentiment. These labels are

then added as a new column (’sentiment’) to the DataFrame ”firm reviews”.

• Splitting Data into Training and Testing Sets: The dataset is divided into training

and testing sets using the ”train test split” function from scikit-learn. This allows

the algorithm to be trained on one subset of the data and evaluated on another.

• Vectorizing Text Data using TF-IDF: The text data is converted into numerical

features using the TF-IDF vectorizer. This step is essential for training a machine

learning model.

• Training the Naive Bayes Classifier: A Multinomial Naive Bayes classifier is instan-

tiated and trained using the vectorized training data, which is 80 per cent of the

reviews for a certain company.

• Predicting Sentiments for Test Data: The trained classifier is used to predict senti-

ments for the test data, which is 20 per cent of the reviews for a certain company.

• Calculating Accuracy: The accuracy of the sentiment analysis is calculated by com-

paring the predicted sentiments with the actual sentiments in the test set. The

accuracy is then printed.

• Calculating the Confusion Matrix: The confusion matrix is calculated using the ”con-

fusion matrix” function. It provides detailed information about the model’s perfor-

Page 55



mance, showing correct and incorrect predictions for each sentiment class (positive,

negative, neutral).

Figure 4.28: Evaluating the algorithm accuracy

When the algorithm analyzes the whole dataset for a certain company, is this case

Aldi, it is notable that the positive reviews are more than negative and neutral combined.

In 931 reviews (Figure 4.29) 58,5 per cent are positive reviews (Figure 4.30).

Figure 4.29: Reviews for ”Aldi”

Figure 4.30: Pie Chart of Sentiment of Reviews for ”Aldi”
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Figure 4.31 represents the ratio of correctly classified instances (reviews) to the total

instances in the test dataset. Essentially, the model achieved an 82 per cent accuracy in

predicting the sentiment of reviews as positive, negative, or neutral.

The suitability of this accuracy is based on the nature of the sentiment analysis task,

including factors such as class balance (the proportion of positive, negative, and neutral

reviews).

The confusion matrix (Figure 4.31) has three classes (sentiments): negative, neutral,

and positive. The matrix shows the number of instances for each combination of actual

and predicted classes.

The rows are identified as follows: the first row represents the actual negative class,

the second row the actual neutral class, and the third row the actual positive class.

The columns correspond as follows: the first column represents the predicted negative

class, the second column the predicted neutral class, and the third column the predicted

positive class.

Breaking down the values:

• True Negatives (TN): 0 - This signifies the count of reviews accurately predicted as

negative among those that are actually negative. In this instance, there are zero

true negatives (instances predicted as negative that are indeed negative).

• False Positives (FP): 0 - Representing the count of reviews that are actually negative

but inaccurately predicted as positive. No false positives were observed.

• False Negatives (FN): 8 - Denoting the count of reviews actually neutral (or negative)

but inaccurately predicted as positive. There are 8 instances of false negatives.

• True Positives (TP): 153 - This indicates the count of reviews accurately predicted

as positive among those that are genuinely positive. There are 153 true positives.

Considering True Negatives and False Positives: For the negative class, both true neg-

atives and false positives are zero, indicating the model’s absence of accurate predictions

for negative reviews. Considering False Negatives and True Positives: Regarding the pos-

itive class, there are 8 false negatives and 153 true positives. This implies the model’s

partial success in predicting positive reviews but also missing 8 positive instances.
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Figure 4.31: Accuracy for Sentiment Predicted for Reviews of Aldi

After analyzing the distribution of reviews in the dataset and testing it across different

companies, it was determined that the vast majority of reviews for these companies are

positive. This prevalence of positive sentiment in the dataset contributes to the high accu-

racy observed in the sentiment analysis results. The model excels in correctly predicting

positive sentiments, given their significant representation in the dataset. It’s important to

acknowledge that the high accuracy is influenced by the skewed distribution of sentiment

classes.

Measuring sentiment accurately from textual phrases is a complex task due to the

inherent subjectivity and context-dependency of language. Sentiment analysis faces chal-

lenges such as sarcasm, nuanced expressions, and varying interpretations. Sarcasm, for

instance, poses a considerable challenge as it involves the use of words to convey a mean-

ing opposite to their literal interpretation. An example of sarcasm could be a statement

like ”Great, another flat tire,” where the word ”great” is used ironically to express frus-

tration. Nuanced expressions, such as subtle positive or negative connotations, further

complicate sentiment analysis, as these expressions may not be easily discernible without

a deep understanding of the context.

Moreover, varying interpretations of sentiment exist among individuals, making it dif-

ficult to establish universal criteria for what constitutes positive, negative, or neutral

sentiment. Cultural and individual differences contribute to diverse perspectives on lan-

guage, leading to subjective interpretations of sentiment. Additionally, sentiment can be

context-dependent, where the meaning of a phrase may change based on the surrounding

text or the broader context of a conversation.

These multifaceted challenges underscore the intricacy of sentiment analysis and high-

light the need for advanced NLP techniques to capture the subtleties of human expression

accurately. While sentiment analysis algorithms continue to evolve, achieving consistently
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high accuracy remains a complex endeavor due to the dynamic and nuanced nature of

language.
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Chapter 5

Conclusion

The implementation of an automated matching tool using AI and NLP techniques

can help make the recruitment process more efficient, while also ensuring that HR teams

continue to play a crucial role in the process of making new partnerships. The tool can

help filter and sort corporate profiles, allowing HR teams to focus their attention on the

most promising candidates.

In addition to private companies, partnerships with academic institutions can also

be valuable in developing and implementing smart city solutions. Collaborating with

universities and research institutions can provide cities with access to the latest research,

ideas, and innovations in the field of smart cities.

As a final point, the need for cities to evolve to smart cities is becoming increasingly

important, and key partnerships with private companies, startups, academic institutions,

and other stakeholders are essential to achieving this transformation. By working together,

cities and their partners can create innovative solutions that address the challenges of

urbanization and improve the quality of life for citizens.

5.1 Future Work

In future work, it is planned to further develop the GUI by adding additional function-

alities. One of the proposed enhancements is to enable the inclusion of multiple candidate

texts for comparison with the project description, resulting in a prioritized list of potential

partners for interviews.
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Additionally, a similar tool will be developed to allow potential partners to assess and

identify projects that align closely with their interests. This tool will provide valuable

insights for potential partners to determine which projects they should consider applying

for.

The provided code currently relies on similarity measures, such as cosine similarity,

without explicitly utilizing a machine learning algorithm. While these techniques offer a

foundation for matching projects and candidates based on textual information, there is

room for improvement by incorporating machine learning algorithms.

In future iterations, enhancing the system could involve implementing machine learn-

ing models that learn from labeled data to make more accurate predictions. By training

a model on historical matches between projects and candidates, the system can poten-

tially identify more complex patterns and relationships, leading to improved accuracy in

matching.

Integrating machine learning algorithms could enable the system to adapt and general-

ize better to a broader range of scenarios, ultimately enhancing its effectiveness in making

accurate project-candidate matches.

Regarding sentiment analysis, once the application is deployed in the market, it will

be possible to leverage Twitter and LinkedIn APIs for data collection. This expanded

dataset will contribute to improved accuracy in sentiment analysis, thereby enhancing the

understanding of sentiment expressed in the texts. Considering the existing class imbal-

ance, a comprehensive examination of precision, recall, and F1 score for each sentiment

class becomes imperative while obtaining new data for sentiment analysis. It is crucial

to recognize the increased likelihood of encountering imbalances among sentiment classes

during the acquisition of new data for sentiment analysis.

These future developments will expand the capabilities of the content matching tool,

providing users with more comprehensive information for decision-making in the partner

selection process. Through the utilization of APIs and enhanced data collection, increased

precision and effectiveness are expected in matching projects with potential partners.
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