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Abstract 

 
While a lot of work is done on extracting sentiments and opinions in unstructured text, majority 

of it is focused on contextual sentiment mining and features that are more focused on 

sentiments. The team attempted to use contextual text analytics to identify product or service 

features that drives the sentiment of the user. This is done through application of cosine 

similarity and neural networks. Customers speak about product or service feature when it is 

important for the them. The second stage of the analysis is focused on supervised learning, that 

identifies key drivers of a product or service. It helps in deriving those elements which are 

subconsciously being evaluated by customers but not spoken. We also test the significant 

difference in views of people pre and post Covid in their reviews. We found that factors related 

to Covid have gone up by 30% but not statistically significant. Given the volume of data, the 

team has analyzed these on cloud to assess the cloud computing readiness for such analysis. 

Feedback around the post Covid topics helps us understand the issues that need to be addressed 

by restaurant industry. 
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Introduction 

 

With the adoption of internet by the masses, the world has changed significantly in the last 

few years. The amount of data that is getting generated from structured and unstructured 

sources like voice, video, text, images have exploded. One of the areas that has witnessed 

significant attention of data scientists is unstructured text. Social media, corporate websites, 

chats, and call transcripts are all getting mined for meaningful information for business to 

leverage. One of the areas of applications is the sentiment analysis of users, which corporate 

are leveraging to understand their customers and users better and be more relevant for them. 

 

The point in focus is the B2C businesses where the brands / businesses generate huge amount 

of content through interaction with customer and prospects across channels. With increasing 

opinions, responses, and behaviors available on the social media, the mining of these 

‘subjective’ stream of text becomes very important. While human brain can process this 

easily, it becomes increasingly difficult for machines to understand the specificity and 

process an outcome precisely. With increasing amount of data, it is also difficult to create 

and manage enterprise computing infrastructure. If the brands can mine this free text - 

unstructured data streams, they can generate insights of significant business value. The 

objective of this analysis is to develop an approach and prove that there is a possibility to mine 

this text and generate 2 key insights – 1) key user sentiment across the text and 2) the 

dimension / factors which are driving this sentiment. This can be of significant business value 

to help business leaders leverage these insights and adopt the real time feedback in their 

product / brand experiences as they build it out.  

 

Keeping these in mind, the paper has leveraged two different elements (a) used combination 

of Natural Language Processing (NLP), Supervised machine learning models to improvise 

on the insights that can be generated and (b) leverage cloud computing and online available 

tools for the analysis using Microsoft Azure. The team used reviews of a very popular 

American fast-food company restaurant chain in US for this study. Our research suggests 

that the product features and their associations to the positive or negative sentiments can be 

statistically established. Not only that, the unstructured text can also explore the 

subconscious which are additional dimensions of a product or service. For e.g. explicit 

behaviors like greeting by customer staff and non-explicit behavior like extra sauce, or 

customer service representative not looking at face of customer, while saying you are 
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welcome. These small little things are also observed by customers group and attribution to 

them can really make an impact on customer experience management professional. 

 

Literature Study 

 

Sentiment analysis using social media data has many applications across industry domain. 

Asghar, Zain et. al. (2019) analyzed the views of consumers for major automobile Brands 

Using Twitter Data. He found that the Audi has 87% of the positive tweets compared to 

74% for BMW, 84% for Honda, 70% for Toyota and 81% for Mercedes. Godea, Andreea 

Kamiana (2015) explored the general sentiments and information dissemination concerning 

electronic cigarettes or e-cigs using Twitter and found that Twitter users are mainly 

concerned with sharing information (33%) and promoting e-cigs (22%). Olorunnimbe, 

Muhammed K. (2015) captured the sentiments of individuals as they evolve over time while 

exploring political sentiments on twitter for opinion mining. Dinkić, N (2018) used twitter 

data to determining popularity of city locations of interest and public spaces in general. 

Esiyok, C., & Albayrak, S. (2015) compared performance of the Naïve Bayes and 

Maximum Entropy classification methods for predicting marketing trends. Choi, D., & 

Kim, P. (2013) performed Sentiment analysis for tracking breaking events and found that 

his study offers diverse evidence to prove that Twitter has valuable information for tracking 

breaking news over the world. Rao, T., & Srivastava, S. (2014 evaluated use of public 

opinion tweets in driving investment decisions. Steede, G. et. al. (2018) analyzed the 

sentiment and content Analysis of Twitter Content Regarding the use of Antibiotics in 

Livestock’s. 

 

As mentioned earlier, the topics related to customer sentiment are well covered. Various 

aspects have been leveraged from reviews and social media listening. In their paper 

Prabowo and Thelwall (2009) used a combination of rule-based classification, supervised 

learning, and machine learning into a new combined method. The combination can improve 

the classification in micro and macro averaged F1 (F1 is a measure that takes both the 

precision and recall of a classifier’s effectiveness into account). This was analyzed through 

another dimension – sentiment and subjectivity being treated as a text classification 

problem. A et al. (2016) explored few themes on sentiment extraction. It starts with standard 

inputs like pre-processing, tokenization etc. This is followed by semantic parsing. Then, the 

chapter focus on leveraging machine learning approaches to conjunctions, relation between 

adjectives, extracting noun using pattern-bootstrapping algorithms, managing suffixes and 

lexical analysis. 
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Another approach to sentiment classification is clustering based approach using N-gram by 

Khabia and Chandak (2015a), A new dimension to sentiment learning in speech is Araque, 

Gatti, Staiano, and Guerini (2019a). This dimension explored the mood rather than 

emotions. i.e. happy, sad etc. in place of positive, negative. The outcome of this is a non-

domain specific lexicon in unsupervised setting. This can act as a base for developing 

machine learning models. 

 

One of the other often used methodology is sentiment extraction from microblogging sites 

Xie, Vovsha, Rambow, and Passonneau (2011) using features like unigram model, tree 

kernel model, 100 senti-features model, kernel plus senti-features and unigram plus senti-

features and then used Support Vector machines suggest that unigram when combined with 

sentiment words, extreme sentiments, emoticons, capitalized words, exclamations, and 

summation of prior polarity can improve the accuracy of baseline unigram models 

 

However, an aspect often not explored in detail are explainability of product or service 

features that drive the outcome. Their relative importance in driving the overall experience 

or sentiment. It is this aspect that the team has tried exploring in a lot of detail. 

 

Methodology 

 

The team used ~1,700 publicly available reviews on a very popular American fast-food 

company restaurant chain in USA for this analysis. These were collected from reviews from 

multiple sources over a period of 2011 till 2020. To create a rating model from the review, 

the team manually tagged almost 325 reviews by going through them manually. The 

analytical process of sentiment explainability and driver analysis is shown in Figure 1. 

 

 
Figure 1 Process of sentiment explainability and driver analysis 
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The team used standard pre-processing like parsing, tokenization, POS tagging etc. The 

team has also made a lexicon of all sentiment related words. The team used those lexicon 

and combination of n-gram model to extract associated features of the product/service. The 

next stage of this exercise is embedment. Using the word embedment technique and 

application of neural network for dimensionality reduction, team reduced the 

dimensionality of the features to make them manageable. 

 

Reduced dimension features were combined with the sentiment to make them appear with 

sentiment. Given that a review can contain multiple sentences, the features are extracted 

from each review – for e.g. product/service feature, sentiment, number of features etc. This 

dataset is divided into 65:35 for the reviews that have the manual tagging of rating. The 

development sample is used for developing a classification model (to classify rating of 1-

3). Decision Trees are used for the development of the model. The second exercise to 

standardize the variables and develop a regression model to understand relative importance 

of features that impact the rating. This helped in explaining the relative importance of 

features. The team further sub-segmented them by location. Figure 2 below is a short 

summary of key features that are important for Atlanta vs. Las Vegas in case of the 

restaurant. 

 

The last and final step was to identify all features that exist in subconscious mind of 

customers. For this exercise, the team removed all words barring adjectives, nouns, and 

lexicon words of sentiments. These are combined using different variants of n-gram models. 

The exhaustive set of features are combined using cosine similarity. They were consolidated 

to share the results using the pre-tagging on various dimensions that defines multiple 

features for the industry. 

 

Application of Microsoft Azure – Given that this was a simpler experiment. In real life, the 

data can run into gigabytes. The team leveraged Microsoft Azure platform for machine 

learning part. The data preparation programs were written by Python and were directly 

imported in Azure. The team leveraged following modules of Microsoft Azure to run the 

analysis: 

 

It suggests that cloud-based applications can be easily leveraged for conducting such 

analysis. 

 

Result and Discussion 

 

It suggests that cloud-based applications can be easily leveraged for conducting such 

analysis. The outcome of the analysis is divided into four parts. (a) Results of a prediction 
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of sentiment based on feature extraction from unstructured text reviews. (b) Key driver 

analysis that subconscious mind of consumers looks for that drives their experience. (c) 

Explainability of drivers for customer experience professionals. (d) Attitude towards key 

attributes like mask, social distancing, cleanliness etc. Pre-post COVID. 

 

Results of a Prediction of Sentiment based on Feature Extraction from Unstructured Text 

Reviews 
 

The team used the data as mentioned above of 325 reviews that were manually tagged for 

the rating (1- dissatisfied, 2- neutral and 3 – satisfied). First the sample was divided into 

development and validation sample. For the development sample, the team extracted all 

features which are associated with opinion words. Those opinion words were reduced in 

dimensionality through auto encoder functionality [6]. Finally, A decision tree model for 

the classification of outcomes is developed. The model is statistically significant with P- 

Value of 0.05. The Gini for development and validation samples are 0.776 and 0.752 

respectively. suggests that feature extraction through unstructured text can give precise 

prediction on the actual sentiment rating and can be used to predict rating. 

 

Key Driver Analysis that Subconscious Mind of Consumers Looks for that Drives their 

Experience 
 

This exercise is done at two levels – overall response level. The team also had a subset of 

responses, where the location is captured in Yelp data. This was used to assess the 

subconscious preference by location. This was achieved through standardizing the input 

variables and then running linear regression to compare the absolute weights of the 

coefficients. Figure 2 below presents the results of key drivers that gets the factors in their 

descending order of importance. 

 

 
Figure 2 Importance of factor and variability by location 
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Explainability of Drivers for Customer Experience Professionals 

 

This analysis was done to provide next level of insights. This is done using a combination 

of auto encoders used in neural network. Auto encoder used in neural network helps in 

feature extractions and reducing the dimensionality. This coupled with pre-labeling of 

certain important aspects for an industry. The outcome was quite interesting as it helped 

identifying the key drivers and how they are impacting the customer experience. The team 

considered only those combinations that had a higher frequency in terms of mentions (>25 

mentions in unigram-based words and >10 mentions in bigram-based words). The Figure 3 

and 4 below provides insights on the next level of outcomes. 
 

 
Figure 3 Explainability of factors 

 

 
Figure 4 Explainability of factors continued 
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Attitude towards Key Attributes like Mask, Social Distancing, Cleanliness etc. Pre-Post 

COVID 

 

Last part of analysis was focused on a subset of data that has timestamp. This dataset is 

used to extract relevant part of reviews that assess people orientation to COVID related 

topics like cleanliness, gloves, distancing etc. To conduct this exercise, team extracted 

combination of ~30 topics that focus on these issues. Mentions are accumulated across each 

response to ensure that the team can identify number of times, these are mentioned in 

reviews. Our analysis suggests that the people started mentioning lack of hygiene and non-

compliance to COVID guidelines also as a part of reviews. To ensure that these differences 

are significant for pre-post COVID, the team took 80 reviews (40 – pre COVID reviews and 

40 – Post COVID reviews). Based on the responses, the team computed t-test to assess if 

mean of responses is statistically significantly different for pre and post COVID. T-test 

value -0.54, which for given degrees of freedom cannot be disproved even at confidence 

level of 90. It means, we cannot say that there exists significant difference in reviews of 

people that is related to COVID. This is despite the fact that a number of mentions around 

cleanliness, hygiene, gloves, mask etc. has gone up by more than 30%. 

 

Conclusions and Future Work 

 

Machine learning based approach can help business owners to assess the severity of online 

criticisms. A more proactive unstructured data mining- based approach post Covid can also 

help understand the new challenges and focus areas from the customers point of view. This 

can enhance the overall customer experience for the products and services. the approach 

can also help compare the various outlets in cities and identify the restaurant chain or 

business that needed immediate focus from operational efficiency and customer experience. 

As an extension of this work, authors want to extend this to other industries as well. 
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