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Abstract 

 

Identifying customer needs has always been a significant factor that contributes to company’s 

ongoing success (Wang and Ji, 2010, p. 173). However, the traditional ways of identifying 

customer are expensive and time-consuming in addition to many other problems (Timoshenko 

and Hauser, 2019, p. 4). This is why there is a new approach to identify customer needs using 

User Generated Content (UGC) as a source of data (Kühl et al., 2020, p. 2). The main challenge 

is about vectorizing the data and extracting only the relevant information. In this project, the 

steps of this new method will be explained using customer reviews of the product “Hiking 

Backpack” on Amazon, Etsy and Walmart. Also, twenty combinations of different vectoriza-

tion methods and supervised machine learning classification algorithms will be compared re-

garding both accuracy and recall scores.  
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1   Introduction 
 

“The most important purpose of any product is to satisfy a customer’s need and not the 

entrepreneur’s need.” - Pooja Agnihotri 

This citation shows the importance of the identifying customer needs in order to achieve a 

successful product (Wang and Ji, 2010, p. 174). Understanding and Identifying customer needs 

is a very hard, complex, and at the same time a very important part in product development. 

This affects the satisfaction of the customers and succuss of the product in a positive way. 

Accordingly, understanding customer needs is one of the most important aspects of customer 

satisfaction (Shane, 2008, p. 134).   

Identifying customer needs has been always an important topic. Normally, companies use pri-

marily on qualitative and quantitative methods such as surveys and interviews to understand 

customer needs and wants (Witell et al., 2011, p. 141). However, these traditional methods 

have many disadvantages. Surveys are normally time-consuming and require long time of plan-

ning and implementation. Interviews are expensive and also need long times to be imple-

mented. In addition, this can be influenced by the type of question asked or by the interaction 

with the interviewer (Price et al., 2015, p. 236). Another main disadvantage is that these meth-

ods could only collect a limited amount of data, which makes it difficult to identify rare cus-

tomer needs. Instead, only the general, main needs would be collected. For example, Timo-

shenko and Hauser (2019, p. 24) were able to find more than 8 needs through UGC, which 

were not found using the traditional method. These methods are not optimal for this purpose. 

Today, at a time when the Internet plays a central role in everyday life and business, many 

researchers try to find a new way to identify customer’s needs (Kühl et al., 2020, p. 2).   

 

Internet users produce a huge amount of data daily. This data includes information about almost 

every aspect of our life. For example, personal blogs, social media posts, customer reviews and 

forum blogs etcetera. Only on Twitter, 500 Millions blogs are posted on a daily basis (Dun-

combe, 2019 cited in Rensing, 2022, p. 2). This user-generated content provides a deep insight 

into users' thoughts, opinions, likes and dislikes (Saura et al., 2019, p. 2). They could be a rich 

source for market research, product development and customer service. Companies can use 

this information to better understand what their customers really need. This method could be 

implemented much faster than the traditional methods (Timoshenko and Hauser, 2019, p. 4). 

Moreover, the cost of this method would not be as high as the old ways. Furthermore, the most 

important aspect is that it would be possible to collect huge amount of data, much more than 

from interviews or surveys. In this huge amount of data, there is surely data about customer 

needs, which could be used. However, due to the huge amount, it is not possible to manually 

all of the data. Much of the information available on the Internet is not directly related to cus-

tomer needs, identifying relevant content a complex challenge (Liu et al., 2019, p. 1). 

 

An important aspect in this method is to classify these massive amounts of data into two main 

categories – relevant and non-relevant to product development. For instance, online reviews 
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like “The product is practical”, “I like the product” or “I bought this product as a Christmas 

gift for my daughter, and she loved it” would not be important at all for the product develop-

ment. In contrast, Reviews like “I like that the backpack is waterproof” or “the is an extra small 

pocket for the phone and keys, and it is very practical” include important information for prod-

uct development. As companies would know, that it is important to make the backpack water-

proof and to add a small pocket for the phone and keys. This could influence the customer 

satisfaction about the product or service and make it more successful (Timoshenko and Hauser, 

2019, pp. 3-4).  

 

To solve this classifying problem, machine learning and deep learning algorithms offer prom-

ising approaches (Kühl et al., 2020). The crucial question is which algorithms are most effec-

tive and how the data can best be prepared to make optimal use of the algorithms. Another key 

aspect of using machine learning methods is the transformation of the text into a form that can 

be processed by the algorithms. This is done through text vectorization, which converts text 

data into numeric vectors. In this project, various vectorization methods - such as TF-IDF, 

Count Vectorization, FastText and Hashing - are examined and compared with each other. The 

goal is to identify the method that best helps efficiently use the Internet's immense data and 

provide deep insights into customer needs. In this project, this new method will be explained, 

and several machine learning algorithms will be compared. Also, each machine learning algo-

rithm would be implemented using several vectorization techniques. 
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2   Literature Review  
 

Due to the significant importance of this new approach, there have been lots of research 

in this area. One famous  scientific paper is “Identifying Customer Needs from User-Generated 

Content” by Timoshenko and Hauser (2019). They have used 8.000 amazon reviews, in order 

to show this new method. They have chosen the oral care products as an example and used 

convolutional neural networks to classify the dataset. It is very interesting that they were able 

to compare their modern approach with the traditional approach by doing experiments. They 

found out, that the method is much cheaper and faster than experimenting. They also were able 

to compare the identified customer needs of both methods: There have been 83 Customer needs 

which have been identified by both methods. it is important to point out that the new method 

were able to identify 8 needs more, which have been not found in the experimental approach 

(Timoshenko and Hauser, 2019). 

Another interesting scientific paper regarding this topic is “NEEDMINING: IDENTIFYING 

MICRO BLOG DATA CONTAINING CUSTOMER NEEDS” by (Kühl et al., 2020) The 

researchers collect 2400 blogs from twitter and try to identify customer needs. The researchers 

have compared several sampling methods, including Oversampling, Under sampling and 

Synthetic Minority Over-sampling TEchnique (SMOTE). Also, they have compared different 

classifiers including Bayes classifiers and Random Forest (Kühl et al., 2020). It is important to 

say that this new approach could be implemented to identify customer needs in any field and 

different languages. For example, (Luo et al., 2023) have used Chinese UGC in order to identify 

customer needs regarding the automobile industry. They have also used TF-IDF as a 

vectorization method before the classification algorithms.   

There have been also research about using unsupervised algorithms to cluster sentences into 

different groups. George and Sumathy (2023) have proposed a new approach using Latent 

Dirichlet Allocation (LDA) and were able to classify large amount of text into groups with 

similar meanings. This could be also added to the approach of identifying customer needs, as 

the last step is to manually extract the needs from the relevant reviewed. It would be practical 

to cluster them automatically and without training classifiers first before manually extracting 

the data. 

UGC could be used in different fields as a source of data and it could be work better than the 

traditional ways (Zhuang et al., 2023). An example for that is Farid and Mousa, (2023). The 

researchers have tried to investigate the quality of a hotel regarding specific aspects such as 

cleanness, location etc. They have used both booking reviews as a source of data and survey 

forms to compare the results. They have found out that there is no significant difference 

between the sentimental analysis of the UGC and the answers on the Surveys (Farid and Mousa, 

2023). This could also be implemented in the topic of identifying customer needs in order to 

see the influence of the needs on the customer satisfaction and as a result identify the 

importance of each need.  
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3   Overview 
 

The objective of this project is to show how it is possible to identify the customer needs 

from online reviews. Another objective is to compare the vectorization technique and classifi-

cation algorithm works the best.  This will be done by identifying the customer needs for the 

product hiking backpacks. Before starting with explaining each step, it is important to show 

the structure of the project: 

 

 
Figure 1 Strutcture of the Project 

The first step is to collect the data from various online platforms, which are amazon, Etsy, and 

Walmart. After data collection, a manual classification follows, in which reviews are classified 

according to their relevance to product development. It is important to implement this step 

manually, in order to train and test the algorithms during the next steps. it will be classified 

into category (1) if the review includes information about customer needs. Other ways it would 

be classified into Category (0). 

 

The third step is to clean and prepare the date. This step includes several important aspects 

such as removing stop words and special characters, deleting non-English reviews, write eve-

rything in lowercase, lemmatization, tokenization.  

 

Then, in the fourth step, vectorization techniques such as TF-IDF, Count Vectorization, 

FastText and Hashing are used to convert the text data into numerical vectors, which are re-

quired for the application of machine learning algorithms. 

In the fifth step, the cleaned and vectorized data are analyzed using various classification algo-

rithms, including SVM, linear regression, neural networks, random forest and ensemble meth-

ods.  

 

The sixth step involves evaluating the 20 combinations (4 Vectorization techniques * 5 classi-

fication algorithms based on metrics such as accuracy, recall and precision. This is to determine 

which method works the best for the current problem. 
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As a result, this project shows and discusses this innovative method to identify customer needs 

and to gain deeper insights from the large amount of online customer feedback and use this for 

targeted product development. The advantages of this new method will be shown during this 

project.  
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4   Main Body 

In this chapter, all the steps of the Project will be presented and discussed. All of the 

following steps were important to achieve this project. The Results will be presented after 

that.  

  

4.1   Step 1) Data Collection 

 

Nowadays, due to the daily use of Internet, there are huge amounts of data online, that 

could be used for analytical purposes. Online platforms such as Twitter and Google Reviews 

are rich in user contributions; for example, millions of tweets are written every day and Google 

Reviews, Amazon and eBay contain countless reviews. These digital opinions could be a val-

uable resource for companies seeking in-depth market and customer analysis for many pur-

poses such as identifying customer needs (Saura and Bennett, 2019, p. 2). As the data is already 

available, it is much faster and cheaper to collect this data, instead of generating new data by 

the traditional methods like surveys or interviews (Timoshenko and Hauser, 2019, p. 4).  

 It is extremely important to take the ethical and legal guidelines regarding data protection into 

consideration. As many companies do not allow users to use web scrap from their sites, it is 

very important to read the terms and conditions of the website before collecting the data. The 

accessibility of the data is facilitated by APIs, which are developed by companies and are of-

fered for low costs. This is totally ethical, moral and legal, as it is developed by companies 

directly for many purposes, including extracting information for analytical objectives.   

 

For this specific applied research project, APIs were not used for reasons of simplicity. It is not 

necessary for this project to collect and analyze millions of reviews. Instead, a few hundred 

reviews would be enough to compare the different vectorization techniques and machine learn-

ing algorithms and show the advantages of this new method. It is only important to get real 

reviews from famous websites such as amazon, Walmart and Etsy.  

 

Instead of using APIs, as only a few hundred reviews from different websites have to be col-

lected for this university project, data was extracted directly from the HTML source of the web 

pages. This was implemented using the Selenium library, which allows the website content to 

be imported. Then, the BeautifulSoup library was used to analyze and structure the data. So, 

using BeautifulSoup it was possible to save the reviews from the html text into a Pandas Data-

Frame. This approach allows automatic, precise and targeted collection of data. After building 

the function using Selenium and BeautifulSoup, it was only necessary to write the amazon link 

of the product on jupyter notebook. After running the function, all the reviews would be auto-

matically saved into a pandas data frame. 
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Figure 2 Example of the collected data 

 

In figure 2 the first 15 lines of the pandas data frame are presented. Only the column Review 

Body is relevant for this project, but also the Rating and title were imported, because they could 

be used to find further insights.  

 

 

 

4.2   Step 2) Manual classification 

 

After the data has been successfully collected, it is important to manually classify the re-

views. This phase is necessary for training and testing the vectorization techniques and machine 

learning algorithms in the next steps. This step is about manually reading each review to determine 

whether it contains relevant information about customer needs or not. For companies, this step 

would be important just to train a small fraction of the data, then the huge amount of the data could 

be analyzed automatically.  

Classification is done by assigning labels, where a '1' represents a review that provides important 

insights into customer needs and preferences. For instance, space for a water bottle or special fea-

tures or pockets etcetera. Those reviews would be valuable because it provides direct feedback 

about the functionality and appreciation of product features from the customer's perspective. How-

ever, reviews that do not contain such useful information are marked with a '0'.  

In figure 3 below, it is possible to see some examples of reviews, which were manually classified 

as “1” (those are not the complete reviews, as it they could be too long, but it is possible to see that 

they include important information about customer needs. Figure 4 shows examples of reviews, 

which are manually classified as 0 (they do not include any customer need and would not be rele-

vant for companies). 
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Figure 3 Example of the relevant reviews 

 

Figure 4 Example of the Irrelevant reviews 

 

 

 

4.3   Step 3) Data cleaning 
 

In general, machine learning algorithms perform much better if the data is cleaned 

(Ilyas and Rekatsinas, 2022, p. 4). Especially when the analysis is for text data. The first step 

is to remove comments which are not written in English using the “langdetect” library. After 

that, the punctuations were removed using the lambda function, and all letters were written in 

lowercase. Tokenization was also in important aspect in data cleaning. The purpose of this 

step is to make the data in one format and simplify the analysis for the next steps. 

 

After that, the stop words were removed, as they are not relevant for the analysis. Then fol-

lows the lemmatization step. This step is about replacing each word with its origin (Shah et 

al., 2020, p. 53). For instance, “better” would be transferred into “good“, „made” would be 

transferred into “make”. WordNetLemmatizer from nltk.stem did not work in an optimal 

way, so spacy library was used for this purpose. 

After that, numeric values and short words (one or two characters) were also removed, as 

those make the analysis complicated and do not improve the content of sentences. Also, non-

alphabetic values were removed. After that, spellchecker was implemented to correct words, 

which were spelled wrong. Figure () shows an example of comments, which were corrected 

(“carefull”) on the left side was corrected into “careful” (only one L). As vectorization tech-

niques will be used, algorithms would perform worse, if same words are spelled each time 

differently.  

 

 
Figure 5 Data cleaning 
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Now the data is cleaned, and it is ready to start with the vectorization techniques and the ma-

chine learning algorithms. 

 

 

4.4   Step 4) Vectorization Techniques 
 

Vectorization is a crucial process in natural language processing (NLP). It plays a cen-

tral role because it converts text into vectors, that can be processed by computers and machine 

learning algorithms. In general, Vectorization makes it possible to make text data usable for a 

variety of applications, such as text classification, sentiment analysis etcetera (Rani et al., 2022, 

p. 1). 

 

so, vectorization allows text data to be processed and analyzed in ways that would not be pos-

sible without it. However, there are many vectorization techniques, which work differently and 

needs different processing time and memory (Rani et al., 2022, p. 5).    

Each of the four vectorization techniques TF-IDF, Count Vectorization, FastText and Hashing 

will be implemented with different machine learning algorithms to compare and see how each 

one performs. In the following chapter, those will be only explained, then the results will be 

presented.  

In order to explain how each of those techniques work, the explanation will be based on very 

simple examples.  

 

 

4.4.1   Count vectorization 
 

Count vectorization (or bag of words) is one of the most famous and simple vectoriza-

tion techniques in text processing that converts text data into a numerical form to make it usable 

for machine learning and data analysis. The process begins with creating a vocabulary that 

includes all unique words from the entire text corpus.  For each word in the corpus, the method 

counts how often each word from the vocabulary occurs in that text. These frequencies are 

noted in the corresponding positions of the vector. So the size of the vector is the number of 

the unique word number in the text (Rani et al., 2022, p. 3).  

For instance, if we have only those three reviews: 

sentences = [ 

    'good product', 

    'good product love waterproof feature', 

    'all good love the extra pocket, good feature' 

] 

The vectors would look like the following table: 
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Figure 6 Example of the Count vectorization 

 

This method is often used for several advantages and disadvantages. First of all, this method is 

very simple. As a result, the vectors could be understood for the user.  It is optimal and fast for 

small databases. However, there are also several disadvantages. The most important one is that 

it is only based on the frequency of the words without taking the context or the order of words 

into consideration. As a result, sentences which include some of the same words could be clas-

sified into the same category (even if they have opposite meanings).  Also, as it is only based 

on the frequency of the words, that occurs very often, would have much more influence than 

rare words, so machine learning algorithms may not perform in an optimal way. Another dis-

advantage is the Memory Consumption, as for each sentence a vector will be built in the length 

of the unique words of all the sentences. This could lead to memory problem for huge datasets, 

and it could be harder to train the machine learning algorithms, if the vectors are huge (Kim et 

al., 2017, p.3). 

 

 

4.4.2   TF-IDF  

Term Frequency-Inverse Document Frequency" is also a vectorization technique in text 

processing that aims to convert text data into a numerical form, so that it can be processed by 

the machine leaning algorithms. As the name says, this method consists of term frequency (TF) 

and inverse document frequency (IDF) (Qaiser and Ali, 2018, p. 25). While TF counts the 

frequency of a word in a single document, IDF measures how unique or rare that word is in the 

entire corpus. The combination of these two measures results in a balanced evaluation of words 

(Rani et al., 2022, p. 3). 

For the same example as above:  

sentences = ['good product', 

    'good product love waterproof feature', 

    'all good love the extra pocket, good feature'] 

First part is the TF (same as count vectorization above): 

 
Figure 7 Example of the TF 
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The second part is the IDF, which gives rare words more importance than the words, that oc-

curs very often.  This is calculated using the formel (Rani et al., 2022, p. 4):  

𝐼𝐷𝐹 = natural log
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠+1

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠 𝑤ℎ𝑖𝑐ℎ 𝑖𝑛𝑐𝑙𝑢𝑑𝑒 𝑡ℎ𝑒 𝑤𝑜𝑟𝑑+1
 + 1 

 

I have implemented this using python (by using TfidfVectorizer from sklearn library) in order 

to show the idf values for our example: 

 

Figure 8 Example of the IDF 

For example for “good” occurs in each sentence so it is  

𝐼𝐷𝐹 = 𝑛𝑎𝑡𝑢𝑟𝑎𝑙 log
3+1

3+1
+ 1 = 1 .    

The word product appears only in one sentence, so it would be 

𝐼𝐷𝐹 = 𝑛𝑎𝑡𝑢𝑟𝑎𝑙 log
3+1

1+1
+ 1 = 1.693  

As a result, if a word occurs rarely, it will have more significance than other words and it would 

still influence the classification, even if it occurs only once or twice. 

 

The last step would be to multiply the TF (frequency) with the IDF and the normalize the 

results. 

 

An advantage of TF-IDF is that it is still a simple method and understandable for the users. The 

main advantage is that TF-IDF can help minimize the impact of over-frequent words (Qaiser 

and Ali, 2018, p. 25). This aspect is an improvement in comparison to count vectorization.  

However, TF-IDF also has some challenges. Like count vectorization, it does not take context 

or word order into account, which can cause problems in some applications (Qu et al., 2008, p. 

80). Despite this disadvantage, TF-IDF remains a popular and effective method in the world of 

text analysis and machine learning. 

 

4.4.3   Hashing vectorization 
 

The hashing technique plays a crucial role in natural language processing when it is 

about vectorizing huge amounts of data text (Kanada, 1990, p. 1). These techniques use a hash 

function to convert words or phrases into numerical vectors with a specified and constant vector 

length. The main advantage of this method is its storage efficiency, as the size of the feature 

vector is constant and predefined, regardless of the vocabulary size of the unique words of the 

data (Tang et al., 2019, p.1). For count vectorization and TF-IDF the length of the vector is the 

number unique words in all the documents.  

 

The hashing technique is particularly useful in situations where storage space is limited. Unlike 

other vectorization methods such as Count Vectorization or TF-IDF, which store a dictionary 

of unique words in the corpus, hashing technique does not require storage space for such a 
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dictionary. As a result, it is much faster than than tf-idf and count vectorizations (Kanada, 1990, 

p. 1). 

 

However, the hashing technique also has some challenges and limitations. The most important 

limitation is the irreversibility of the hash function: once converted into an index, the original 

word can no longer be reconstructed. This leads to a loss of interpretability of the features. 

There is also the risk of collisions where different words receive the same hash value. Such 

collisions can affect the accuracy of text representation, especially if the number of features is 

much smaller than the number of unique words in all the text (Kanada, 1990, p. 1). 

 

For example, after using count vectorization and TF-IDF, I was able to know the influence of 

each word regarding the classification. In figure (9) below, it is possible to see the words and 

coefficients of relevant and not relevant words, when I used the TF-IDF with linear regression. 

 

 
Figure 9 Coefficient of the words 

  

 

In summary, hashing techniques provide an efficient solution for processing large amounts of 

text in NLP, while could having some problems regarding accuracy and interpretability. 

 

4.4.4   Fasttext 
 

In contrast to the last three vectorization techniques, FastText is an advanced approach 

in the world of machine learning. This was developed by Facebook's AI Research Lab, to as-

sign meanings to words in text in the form of vectors (Le et al., 2019, p. 4). This process is 

called "word embedding" and is particularly important for enabling computers to understand 

the text data (Athiwaratkun et al., 2018, p. 1).  

 

In contrast to older methods such as TF-IDF and count vectorization, which are based only on 

whole words, FastText also looks at smaller units within the words, so-called "subwords" or 

letter combinations. This is comparable to not only looking at the word "vectorize" as a whole, 

but also looking at parts such as "vec", "tor" and "ize". This approach helps FastText better 
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understand the meaning of words and even generate meaningful vectors for words. As a result, 

words which are misspelled would still have similar vectors as the correct spelling and not a 

completely different vector (Young and Rusli, 2019, p.2).  For example, if a specific word was 

not in the training data set and occurs in the test set, Count vectorization or TF-idf, or hashing 

vectorization would not be able to understand the world and it would not have any effect on 

the sentence. However, fasttext would be able to use the vectors from other words (with the 

same subwords) in the training dataset and use it for the classification problem. FastText's 

learning process occurs through analyzing a large corpus of text. The model learns which vec-

tors should be assigned to the different words and their subwords. The result is that words with 

similar meanings lie close to each other in what's called vector space, meaning they have sim-

ilar vectors (Kal, 2021). 

Fasttext has many advantages. First of all, this is particularly good at handling unfamiliar words 

(Ouchene and Bessou, 2023, p. 1). In contrast to older methods that only look at whole words, 

because FastText also analyzes subwords or letter combinations. The word vectors are often 

richer, resulting more accurate modeling of the meaning of words. FastText has also proven 

effective in various areas of text classification because it can capture the semantic meaning of 

words well (Pribadi et al., 2021, p. 382). 

 

On the other hand, FastText also has some disadvantages. The main disadvantage is that it is 

very computationally intensive and requires longer times and computing power (especially on 

large amounts of text and with many subwords). In addition, the generated word vectors can 

require a lot of storage space. These aspects can be particularly problematic when processing 

very large amounts of data or when the processor of the computer is not very advanced. this 

was not a problem for my project, as the dataset needed for the objective of the project is not 

huge. However, I have noticed that it takes longer than the other vectorization techniques.  

 

In summary, FastText provides a powerful way to deeply analyze and understand the meanings 

of words in texts, making it a valuable tool in language processing. However, the processing 

part is much more complicated than the traditional technique.   

 

 

4.5   Step 5) Classification algorithms  
 

In this chapter, the used machine learning algorithms will be presented. It will be shown 

what the main idea is and how they work. However, it would not be possible to cover every 

single aspect in detail. Instead, I will provide an overview of the most important categories and 

concepts.  

The specific results and applications of these algorithms will be presented in the “Results” 

chapter. It is also important to mention that for all machine learning algorithms, the same train 

and test data has been used. So, the splitting into train and test datasets happens before trying 

the different vectorization methods and the classification algorithms. 80% of the data were used 

to train the models and 20% were used as a test dataset to evaluate the different approaches. 
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4.5.1   Logistic Regression 
 

Logistic regression is a statistical model used mainly to solve classification problems. 

This model is very useful, especially when there are only two possible outcomes (for example 

yes or no, success or failure, presence or not etc.). This is why I have tried the logistic regression 

for our classification problem (whether a review is relevant or not). 

 

Logistic regression calculates the probability of an outcome (for example "relevant") and then 

classify into the category with the highest probability.  It uses the logistic function (sigmoid 

function) as presented below. This output of the function is a value between 0 and 1. This value 

is the probability and will determine to which category this would be classified (Coggeshall 

and Klinkenberg, 2014, pp. 6-7).  

 

  

Logistic regression formula (Faouzi and Colliot  2022)  

As figure shows, it is easy to understand the output of logistic regression. After training the 

logistic regression function on my training dataset, it was possible to see the coefficients and 

understand the prediction for each output.  

 

 

 

 

 

 

 

 

 

 

Figure (11) above shows a part of the words and their coefficients. Figure (10) on the right 

side shows the words in an ascending and descending order. It is interesting to see that 

relevant words are features, for example “pocket”, “lightweight”, “cover” etcetera. An 

irrelevant words are not relevant at all for product development such as “great”,”product”. 

For example, if I want to predict the review: “great”.  

The probability would be using the formula in figure above: 

Figure 11 Example of the Coefficients 
in the Logistic Regression 

Figure 10 The highest and 
lowest coefficients 



15 
 

probability (of class 0) =
1

1 + 𝑒−(𝑥0+𝑤1∗𝑥1+𝑤2∗𝑥2 𝑒𝑡𝑐.)
 

probability (of class 0) =
1

1+𝑒−(−0.33188+1∗−0.828893 (𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑜𝑓 "𝑔𝑟𝑒𝑎𝑡") = 0.2385  

as 0.2385 <0.5, the review „great“ would be classified as 0  (non relevant). The Figures below 

shows the prediction manually using the logistic regression function, and once using the model.  

 

Figure 12 Calculation of the logistic Regression Probabilities 

 

Logistic regression has several advantages. First of all, it is easy to understand and implement 

in comparison to the other classification algorithms (Dineva and Atanasova, 2020, p.319). In 

addition, their results are easy to interpret because the weights provide information about the 

importance of individual characteristics (as shown above). Another advantage is the ability to 

provide probabilities for the classification results, which could be important in some cases (also 

as showing above) (Srinivas et al., 2023, p.5) 

However, there are also disadvantages. Logistic regression assumes linear relationships 

between the input characteristics and the outcome, which is not always true (Dineva and 

Atanasova, 2020, p.319). It would not work optimally for very complex data structures because 

it can only model linear relationships. Additionally, with a high number of features and not 

enough data, there is a risk of overfitting. 

Overall, logistic regression is a useful method for many classification problems, especially for 

simple datasets. However, more advanced methods could be needed for more complex tasks. 

 

4.5.2   Support Vector Machines 
 

The Support Vector Machine (SVM) is also one of the most famous and used 

classification algorithm in the field of machine learning (It could be also used for regression 

problems, but mainly for classification problems). One could say that SVM is known for its 

effectiveness when working with high-dimensional data and often provides very precise 

predictions. 
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The main idea of SVM is finding a decision boundary (hyperplane), that separates the different 

classes in an optimal way (Coggeshall and Klinkenberg, 2014, p. 12). In a binary classification, 

the goal is to find a hyperplane that has maximum distance to the closest data points of each 

class, which are called support vectors. The algorithm maximizes the margin, the distance 

between the support vectors and the hyperplane, to achieve a clear separation between classes. 

In situations where the data is not linearly separable, SVM uses the a “kernel trick”. This makes 

it possible to transform the data into a higher dimensional space in which linear separation 

would be possible (Wu and Kumar, 2009, p. 42). 

 

For my project, when I have used the tf-idf or the count vectorization technique, the length of 

the vector is only 1240. As it is not possible to visualize this, I have used the trancuatedSVC 

library, in order to transform it into a 2-dimensional dataset. The dataset looked like the 

following Figure. Yellow points are relevant reviews, whereas blue does not include relevant 

information. 

 

 

Figure 13 Reviews vectors in 2 Dimensions 

 

It is possible to see that the points are not perfectly separated. However, it is clear that the 

relevant comments are grouped together in the lower part of the diagram.  

 

I have trained the SVM function on the 2-dimensional dataset, and the output (of the training 

reviews) looked like in figure () on the left side below. The left side shows the Points in the red 

area were classified as relevant and the other parts were classified as not relevant. The exact 

results (Accuracy, Recall, precision) will be presented in the next chapter. 
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There are many advantages for SVM. First of all, it is effective when the data set has many 

features, even if the number of features is greater than the number of observations. By using 

various kernel functions, SVM can be adapted to a variety of data sets (Dineva and Atanasova, 

2020, p. 319). In addition, SVM is known for its high accuracy in complex classification 

problems. Another advantage is that SVMs mostly provide only one unique solution to divide 

the data and as a result, the classification would be more understandable for researchers (Awad 

and Khanna, 2015, pp. 42-43). Moreover, researchers have noticed in general that overfitting 

problems do not occur as much as when using other classifiers.  

However, there are also disadvantages. SVM can be inefficient when dealing with huge data 

sets because computing the support vectors can be computationally intensive. Another 

disadvantage is that SVM only works on binary outcomes. In addition, when the points of the 

two classes overlap with a large dataset, it would not be easy to use the kernel concept to build 

the hyperplane. Also, it can be said the “process is time-consuming” (Dineva and Atanasova, 

2020, p. 319). 

 

In summary, SVM is a powerful tool for classification problems, especially for complex 

datasets with high dimensionality. The challenges when using SVM lie in choosing the right 

parameters and kernel function as well as dealing with huge data sets. 

 

 

 

 

 

 

Figure 15 Training dataset Figure 14 Test Dataset 
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4.5.3   Random Forest 
 

The Random Forest algorithm is a widely used and effective method in the field of 

machine learning. This could be used for both classification and regression tasks. It is one of 

the ensembles learning methods in which multiple models work together to achieve better 

results than individual models could  (Coggeshall and Klinkenberg, 2014, p. 494).Like the 

name of the classifier implies, random forest uses several decision trees to process the data)

  

 

The main idea of the random forest is to use numerous decision trees. Each of these trees is 

built independently using a random sample of the training data (through the bagging procedure) 

and a random selection of features at each split in the tree. This randomness helps reduce the 

variance of the overall model and helps avoid overfitting, which is a common problem with 

single decision trees (Jordan and Mitchell, 2015 cited in Boyko et al., 2023, p. 2). 

 

In classification, the final decision of the random forest is made by the majority vote of all 

trees' predictions. In regression problems, the average of the predictions of all trees is used. 

One of the biggest advantages of the random forest is the accuracy. It is typically less prone to 

overfitting than single decision trees and can handle unbalanced and incomplete data in an 

optimal way. Also, it would not be affected by outliers as much as other classification 

algorithms could be affected (Ali et al., 2012, p. 273) 

 

The disadvantages include that building many decision trees can be computationally intensive, 

especially for large data sets. Additionally, random forest models are more difficult to interpret 

compared to individual decision trees (Boyko et al., 2023, p. 7). For example, when I have tried 

the logistic regression, I was able to see the effect of each word on the model. This could not 

be possible for random forests. Furthermore, when training a model for an extremely feature-

rich data the performance of the random forest may also decrease. 

 

In summary, Random Forest is a important and powerful algorithm in machine learning that is 

suitable for a wide range of applications. Its strengths lie in high prediction accuracy and 

avoiding overfitting, while the disadvantages are mainly the processing complexity and model 

interpretability.  

 

 

4.5.4   Neural Networks 
 

Neural networks are an important and famous technique in the field of machine 

learning. This is mostly used to solve classification problems, regression, picture recognition 

etcetera (Camburu, 2020). The idea of neural networks is similar to the way of the human 
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brain, as it consists of a series of connected nodes in different layers as presented in the next 

figure (Uzair and Jamil, 2020, p1).  

 

Figure 16 Structure of the Neural Networks (Uzair and Jamil, 2020, p1) 

 

Figure (16) shows an example of the structure of neural networks. This consists of one input 

layer, at least one hidden layer and an output layer. Each neuron is connected to many 

neurons in the next layer. These neurons process input signals and transfer them to the next 

layer. For my project, I have used the following structure: 

MLPClassifier(hidden_layer_sizes=(1000,), max_iter=200, random_state=42). So I have 

used only one hidden layer with 1000 nodes. This is because my dataset is small, and 

“Overfitting occurs when the number of hidden layers become very large as compared to the 

complexity of the problem” (Uzair and Jamil, 2020, p2) 

 

The learning process in neural networks works by adjusting the weights between neurons, 

which is typically achieved through a process called backpropagation (Wythoff, 1993, p. 

119). Neural networks offer a high level of flexibility and can recognize complex, non-linear 

patterns in data, in contrast to logistic regression. They are particularly effective in areas such 

as image and speech recognition. In addition, they can independently learn to extract optimal 

features from the raw data, and they scale well with the amount of data and problem 

complexity (Uzair and Jamil, 2020, pp. 2-4). 

 

However, neural networks also bring with them some challenges. The training process can be 

very computationally and memory intensive, especially for large networks. They may also be 

prone to overfitting, which can affect their ability to generalize (Shafi et al. 2007 cited in 

Uzair and Jamil, 2020, p4). Additionally, they are often difficult to interpret and explain, and 

choosing the right network architecture can be complex (Panchal and Panchal, 2014 cited in 

Uzair and Jamil, 2020, p4). 

 

Overall, neural networks have proven to be extremely powerful in many application areas, for 

example, image recognition, language processing, complex classification processes. Its main 

strength is the ability to learn from large amounts of data and detect patterns that are difficult 



20 
 

for other algorithms to access (non-linear patterns). The challenges are mainly the complexity 

of the networks, the high resource requirements and the difficult interpretability. 

 

4.5.5   Ensemble Method 
 

The Voting Classifier is a special type of ensemble model in the machine learning, I 

have imported this from the scikit-learn library. It combines the predictions of different 

classification models and makes a final decision based on the majority of these predictions. I 

have combined all the above algorithms (Logistic regression, support vector machines, 

random forest, neural networks) in the voting classifier. In the VotingClassifier there are two 

main types of voting, this is either “hard” or “soft” voting. In hard voting, the final prediction 

of the ensemble model is made by a simple majority vote. Each base model in the ensemble 

makes a prediction (e.g. class A or class B), and the class that receives the most votes is 

selected as the final prediction of the ensemble model. This approach is simple and 

straightforward (“sklearn.ensemble.VotingClassifier,” n.d.). According to many scientific 

papers, for example , this “hard voting” method could work in an optimal  when all base 

models are about the same strength. The other way is soft voting, the prediction is based on 

the probabilities that each base model calculates for each class. Instead of just choosing the 

class with the most votes, the probabilities for each class are averaged across all models and 

the class with the highest average probability is selected. Soft voting can be more effective 

than hard voting because it takes more information into account - not just the final class 

prediction of each model, but also the certainty of those predictions (Ahmed, 2023). 

The main advantage of the VotingClassifier is the improvement in prediction performance. 

By combining different models, the overall system can often achieve better results than each 

individual model on its own (Mohammed and Kora, 2023, p. 770). This is because the 

weaknesses of one model can be offset by the strengths of another. Additionally, combining 

different models can help reduce the overall variance (Coggeshall and Klinkenberg, 2014), 

which is particularly useful for minimizing the risk of overfitting. The VotingClassifier also 

offers flexibility through the ability to use both  hard voting and soft voting, which makes it 

usable for different cases. 

 

However, using the VotingClassifier has also some disadvantages. Using multiple models 

increases computing power and storage requirements and can extend training and prediction 

times.  For my project only a small dataset was required, but it still took much longer time 

than the other individual models. The voting logic, particularly the choice between hard and 

soft voting, could be complex and requires careful consideration. Furthermore, combining 

different models can lead to unexpected and results, which could not be explained or 

interpreted. In addition, ensemble methods such as the VotingClassifier can be more difficult 

to interpret than individual models, which can be problematic in certain application areas 

where transparency is required. 

 

Overall, the VotingClassifier offers a powerful opportunity to take advantage of different 

classification approaches but requires long time, computing power and storage requirements.  
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5   Results 
 

After implementing the vectorization methods and training the classification 

algorithms, those methods have been evaluated on the test data (which is surely new data and 

was not part of the training data set). The evaluation is based on both the accuracy of the 

methods and also on the recall percentage of the relevant reviews. This very important, as 

there could be methods with high accuracy, and low recall percentage or other ways. In the 

following two tables, the results will be presented (once sorted based on the recall rate, and 

the other on the accuracy rate). 

 

Table 1   Evaluation of the 20 different categorizations (sorted by Recall) 

Vectorization technique Classification algorithm Overall Accuracy 
Recall of the relevant Re-
views 

Fasttext  Neural Networks 53% 97% 

Fasttext  Support vector machines 55% 96% 

TF-IDF Neural Networks 77% 87% 

TF-IDF Support vector machines 75% 83% 

Count Vectorization Support vector machines 75% 83% 

Fasttext   Logistic Regression 66% 83% 

Fasttext  Random Forest 66% 83% 

Fasttext  Ensemble method 64% 83% 

hashing vectorizer Random Forest 79% 78% 

TF-IDF Ensemble method 71% 78% 

TF-IDF Random Forest 80% 74% 

Count Vectorization Ensemble method 80% 74% 

Count Vectorization  Logistic Regression 79% 74% 

Count Vectorization Random Forest 79% 74% 

TF-IDF  Logistic Regression 73% 74% 

hashing vectorizer Neural Networks 64% 70% 

hashing vectorizer Support vector machines 73% 65% 

Count Vectorization Neural Networks 73% 65% 

hashing vectorizer Ensemble method 68% 65% 

hashing vectorizer  Logistic Regression 71% 61% 
 

Table 2    Evaluation of the 20 different categorizations (sorted by Accuracy) 

Vectorization technique Classification algorithm Overall Accuracy 
Recall of the relevant Re-
views 

TF-IDF Random Forest 80% 74% 

Count Vectorization Ensemble method 80% 74% 

hashing vectorizer Random Forest 79% 78% 

Count Vectorization  Logistic Regression 79% 74% 

Count Vectorization Random Forest 79% 74% 

TF-IDF Neural Networks 77% 87% 

TF-IDF Support vector machines 75% 83% 
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Count Vectorization Support vector machines 75% 83% 

TF-IDF  Logistic Regression 73% 74% 

hashing vectorizer Support vector machines 73% 65% 

Count Vectorization Neural Networks 73% 65% 

TF-IDF Ensemble method 71% 78% 

hashing vectorizer  Logistic Regression 71% 61% 

hashing vectorizer Ensemble method 68% 65% 

Fasttext   Logistic Regression 66% 83% 

Fasttext  Random Forest 66% 83% 

Fasttext  Ensemble method 64% 83% 

hashing vectorizer Neural Networks 64% 70% 

Fasttext  Support vector machines 55% 96% 

Fasttext  Neural Networks 53% 97% 
 

 All in all, it can be said that this method is working and would save companies a lot of time, 

as the accuracy is high (80%). Also, because of the high recall rates of the relevant reviews, 

not much information will be lost during the process. The training was only on 300 reviews, so 

much better accuracies could be achieved, if the training set were larger.  

 

The best method regarding only the accuracy was using the fasttext vectorization method, 

combined with the neural networks or Support vector machines (recall rate of 96-97% and an 

accuracy of 53-55%). However, this would not be beneficial for companies, because the 

accuracy is remarkably low. As a result, this would not save the companies much time with 

filtering the results.  

 

The best method regarding only regarding the accuracy was the random forest classification 

algorithm and the ensemble method combined with TF-IDF vectorization. This method was 

able to achieve an accuracy of 80% and a Recall percentage of 74%.  

In general, the Neural network classification algorithm with the TF-IDF vectorizing was 

the best method. This method achieved an accuracy of 77% with a recall percentage of 

87%.  

 

I have tried the same method (Neural network algorithm with the TF-IDF vectorizing) on the 

review column before cleaning, and the results were worse (71% instead of 77%). As a result, 

the step of data cleaning was very important to improve the results. This is especially important 

for the vectorization techniques, which were based only on the frequency of the words. 

 

As results for the whole project, it can be said that this approach is not complicated and would 

be very beneficial for companies. As it is not as time consuming and costly as the traditional 

approaches and would be able to identify much more data in comparison to surveys or 

interviews. It is very hard to say which combination of vectorization technique and 

classification algorithms works the best, because each one of them has advantages and 
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disadvantages. For example, whether the interpretation of the classification is needed or not. 

Another example is the time and space complexity of the classification algorithms. There is a 

need to do further researchers in order to improve this approach, so that it could replace the 

traditional methods and could be used for companies completely.   
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6 Improvements for further research 

 

First of all, this project is based only on supervised methods. As a result, companies 

would need to first manually classify a small part of the data in order to be able to train the 

classification algorithms. It would be practical to test some of the unsupervised algorithms, that 

the progress of the classification would be completely automated.  Secondly, the output of the 

applied method would be mostly relevant reviews which include customer needs. However, 

some of the reviews could be long. This is why it would be practical if there would be an 

algorithm, which gives only the relevant part of the relevant reviews. This would also save 

companies long times.  

For this project, I had to find the link of a product on amazon. then the reviews would be 

automatically collected and saved. However, using APIs could make it possible to extract all 

the reviews from different products automatically without the need to find different links first. 

This is definitely possible on some websites like twitter (now X), in which it is possible to save 

all blogs, which contain specific keywords. There is only one scientific paper by Timoshenko 

and Hauser, (2019) where both of the new approach and traditional way are implemented and 

compared. It would be important to have more research about the results of this method in 

comparison to doing interviews.  
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7   Conclusion 
 

Identifying customer needs has always been an important topic to companies and it 

influences the customer satisfaction (Wang and Ji, 2010, p. 174). Traditional ways of extracting 

customer needs are qualitative and quantitative approaches, which have many disadvantages, 

especially when it comes to the cost or time aspect. In addition, there are other disadvantages 

such as the complexity of identifying the rare needs or that competitor companies could know 

the purpose of the research (for example if the company is looking for participants for 

interviews) (Timoshenko and Hauser, 2019, p. 5). In this context, it can be concluded that 

extracting customer needs from User Generated Content is a useful method for this purpose. 

This new method solves the disadvantages of the traditional methods, as the process is less cost 

and time consuming among other advantages. For example, the UGC as a source of data is 

accessible effortlessly and fast for everybody. However, the challenge is to analyze the large 

amount of data in order to collect useful information, which includes specific customer needs. 

This process is possible using Vectorization techniques, Deep and Machine Learning 

algorithms, as there are classifiers which automatically divide the data into two classes, namely 

informative and non-informative class regarding customer needs. This method is possible by 

firstly preprocessing the data by transforming the words into vectors. The next step is to apply 

the classifier algorithms to divide the data. Many algorithms have been compared in this 

project, but it is hard to decide which classifier is the best as this depends on the data set. The 

Random Forest algorithm with the TF-IDF was the best method for my dataset regarding recall 

and Accuracy. However, for some other cases, other vectorization techniques or algorithms 

could perform better.   It is important to point out that I have also tried the classification step 

without cleaning the data first, and the results were significantly worse. This shows the 

importance of data cleaning before implementing the other methods.  

To conclude, this thesis has shown that extracting customer needs from User Generated Content 

on a real dataset of customer reviews, and that it could be very beneficial for companies. This 

new method can improve the whole process of identifying customer needs and enhance the 

product planning practice. However, further researchers are still needed to replace the old 

methods. 
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