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Introduction 
Through the development of the Internet, data collection in marketing is essential in order to 

enhance marketers’ understanding of consumers’ purchase patterns and predict future market 

outcomes to assist with business decision-making (Luo, 2009: 196). Furthermore, companies 

are able to use technology to collect large amounts of data about consumers’ interests and 

attitudes. Moreover, data collection provides valuable insights into consumers’ purchase 

behaviours which marketers can translate into their marketing campaigns (Erevelles et al., 

2016; Bumblauskas et al., 2017). The aspect that makes data interpretation challenging for 

marketers today is the exceptional volume and variety of data collected from consumers due to 

the nature of modern technologies, which is referred to as Big Data (Erevelles et al., 2016: 897) 

which can be either structured or unstructured. It is important for marketers to develop the 

necessary skills to extract meaningful and relevant data and translate this into information to 

support decision-making, which awards the company a competitive advantage (Bumblauskas 

et al., 2017: 703). However, often companies struggle to cope with analysing large sets of data 

due to the characteristics of the data itself, process challenges regarding how to capture and 

transform data, and management challenges including privacy and ethical issues (Sivarajah et 

al., 2016: 265). Moreover, companies often overlook the benefits to data analytics in terms of 

a strategic advantage and instead focus on instinct and experience (Järvinen and Karjaluoto, 

2015:7).  

 

Since the rapid advancement of network and mobile technologies, it has become progressively 

convenient for customers to submit reviews for companies on their online platforms, where 

this review data is big, unstructured and hold useful customer feedback information (Zhou et 

al., 2018:511). Although online consumer reviews (OCRs) are helpful to consumers in 

discovering strengths and weaknesses of different products and in discovering the most 

appropriate ones for their needs, they present a challenge for companies to analyse due to their 

‘volume, variety, velocity and veracity’ (Salehan and Kim, 2016:30). In fact, industry experts 

have found that more than 80% of companies often struggle with interpreting their data 

(Reynolds, 2017, [online]). Since the nature of OCRs often act as a form of word of mouth 

through influencing other customers’ purchasing decisions (Zhou et al., 2018:512), it is critical 

for companies to effectively identify and respond to customers’ demands, a concept known as 

customer agility (Zhou et al., 2015, Roberts and Grover, 2012). Arguably, customer agility can 

be viewed as a significant indicator of big data analytical capability, and thus are better able to 

detect market opportunities (Zhou et al., 2015:512, Roberts and Grover, 2012:232).        

 

Research Aim/Objectives 

The research aim of this data analysis project is to identify the most effective way to analyse 

customer reviews from a retailer. Using the dataset, the main research aim is to understand 

consumer’s behaviours, patterns and opinions in order to recognise areas of improvement to 

develop/maintain customer satisfaction. Furthermore, using relevant tools to analyse sales 

patterns and present them visually will help assess consumer behaviour and predict where the 

main business opportunities lie.  
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The objectives of this report are to: 

 

− Apply and evaluate relevant literature of quantitative and qualitative data analysis 

within the marketing context  

− Define the business problem from chosen dataset 

− Identify the most effective quantitative data tools to implement the most suitable 

solution 

− Analyse and visualise data using the most appropriate tools and theories, against 

business metrics and performance  

− Evaluate and measure the results of the analysis to identify patterns 

− Refine the business problem and generate recommendations to influence business 

decisions, based upon new knowledge from the research findings 
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Analytical Approach and Process 
The analytical approach to data is categorised by the type of source, the characteristics and 

what is wanted to achieve or discover from the data. This involves identifying a problem or a 

solution, or providing recommendations for the future, which is particularly significant in a 

marketing context for businesses to learn from, for example, their sales or consumers’ 

behaviour. Data can be classified as being primary or secondary, and can be internal or external 

to the business, and either structured, semi-structured or unstructured. Structured data is already 

arranged into rows and columns and fixed fields, making it the easiest to search and organise, 

such as relational database spreadsheets (Tondak, 2020, [online]; Marr, 2019, [online]). Semi-

structured data is information that is not completely structured or rigid, but still has some 

elements of structure to it, such as XML or HTML tagged text. Unstructured data is information 

that ‘either does not organise in a pre-defined manner or not have a pre-defined data model’ 

(Tondak, 2020, [online]), such as open-ended survey responses and social media content, 

making it more difficult to manage and analyse.   

 

It is important for companies to understand how to efficiently analyse Big Data before using it 

to make decisions and influence strategies, since companies often still use data without 

providing the proper context and goals (Reynolds, 2017, [online]). The main types of data 

analytics are descriptive, diagnostic, predictive, and prescriptive. Descriptive analysis is the 

‘foundation of all data insight’ (Gibson, 2021, online]) and is used to provide descriptions of 

the data, displaying what has happened, such as Google Analytics. Diagnostic analysis takes 

the descriptive analysis insights to find out why it happened – the causes of the outcomes to 

create connections between data and classify patterns of behaviour (Gibson, 2021, [online]). 

Predictive analysis seeks to predict future outcomes by devising models to help businesses plan 

ahead (Stevens, 2020, [online]), from which prescriptive analytics examines elements of all 

four types in order to establish what should be done next and for businesses to take advantage 

of the future outcomes predicted by adjusting business strategies appropriately (Stevens, 2020, 

[online]; Sivarajah et al., 2017:277).  

 

Framework 

Data is considered significant once it has been analysed 

in a way that positively influences changes in decision 

making in companies, such as improved customer 

service, personalised products and services, and the use 

of predictive analytics to drive action (Bumblauskas, 

2017:7). Therefore, using an appropriate strategic model 

is critical in understanding and analysing data against 

the wider business problem.  

 
Figure 1 – Big Data Analytics Lifecycle Overview 

(EMC Education Services, 2015) 
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There are a number of frameworks used to uncover valuable knowledge from data to solve 

business problems, such as Cross Industry Standard Process for Data Mining (CRISP-DM), 

SMART, Big Data Analytics Lifecycle and the PPDAC model 

(Problem, Plan, Data, Analysis, Conclusions). Although these 

models offer differing characteristics in their process, they 

share similar systematic stages: determining the business 

problem, collecting and preparing data, data analysis, 

communicating results and finally interpretation and 

deployment. CRISP-DM, PPDAC and Data Analytics 

Lifecycle are similar in their structure of the process as a 

circle, whereby stages can be repeated if new circumstances 

surface during the data analysis phase which helps to ensure 

believable results. The Data Analytics Lifecycle was created specifically for problems with Big 

Data, with six phases where project work can move either forward or backward as new 

information is discovered and more is learnt about each stage, effectively representing a real 

project (EMC Education Services, 2015:26). On the other hand, the PPDAC model is 

concerned with ‘abstracting’ and ‘solving’ problems in data within a larger ‘real’ problem that 

needs to change (Wild and Pfannkuch, 1999:225).  

 

The most appropriate frameworks for this project are the Data Analytics Lifecycle and PPDAC. 

Thus, a new framework has been proposed using elements of both previously mentioned 

models (shown in Figure 3), but with more emphasis on the business problem being integral to 

the whole process, and that every stage can be repeated if the results and evaluation stages 

suggest that further analysis is needed, or if the data needs to be prepped in a different way to 

answer a specific research question. Ultimately, if any element of the process generates new 

information, the process can start from the beginning. However, the inclusion of stage 3 aims 

to avoid this by taking the previous stage one step further by thoroughly developing the 

analytical techniques, tools and methods before deciding if they are most appropriate for the 

process.     

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2 - PPDAC model (Wild 

and Pfannkuch, 1999) 

Figure 3 - Data analysis model for project 
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Business problem 
Define and investigate the business problem with acknowledgement 

of the wider marketing context, including the business domain.  

Data preparation 

Collection of relevant data helpful in examination to answer the 

business problem (structured or unstructured; internal or external; 

qualitative or quantitative), pre-processing, data cleaning, and 

selection and creation of attributes/variables.  

Plan & build 

Determine significant methods, techniques and tools intended for 

analysis. This is a detailed step in-between preparing the data and 

before it is equipped for analysis, where different methods may be 

needed for data analysis.  

Analysis 

Apply relevant analytics tools and software to analyse the data and to 

visualise the data in a creative way that the reader can easily 

understand.  

Communications 
Evaluation and assessment of the results of the analysis to be reported 

with potential solutions for the business problem. 

Operationalise 

On the basis of the evaluation being efficient, the results can be 

presented to the decision makers with the aim to be operationalised in 

the company. If not, then repeating previous stages or redefining the 

business problem may be necessary. 

Figure 4 - Phases of data analysis model for project 

 

Ethical consideration  

There are certain ethical issues associated with secondary data analysis which should be 

considered before managing such data. Since secondary data works with large scale surveys or 

information collected through research, ethical issues can arise regarding the sharing of such 

results (Prasad, 2013:1478). These concerns about the secondary use of data include potential 

harm to individuals and issues of consent, but these tend to only arise through data collected as 

part of personal research when there is a risk of participants being identified within the data if 

it is not appropriately coded (Prasad, 2013:1478). Since the dataset used in this project was 

taken as part of a survey where individuals voluntarily submitted reviews and was available 

online where permission for further use was implied, such ethical issues should not be of 

concern.   
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Research Findings 
This section will use the model above to analyse and visualise the data, present the findings 

and insights and critically review them.  

 

Business problem 

Since the model designed for this project is most concerned with the business problem, it is 

important for this to first be identified. For this project, the analysis of this dataset is aimed at 

identifying potential areas of improvement for product development. It also seeks to analyse 

customer satisfaction of varying clothing categories in order to identify the best performing 

departments and potential improvements in low performing departments based upon rating.   

 

Data preparation 

The dataset was captured from a data science website, from which the chosen dataset for this 

project is secondary, structured and internal (although the company the data is from is 

anonymous). See Appendix A for the full description of the dataset. The dataset represents the 

anatomy of Big Data, with it being large in volume and messy in its nature to hold veracity – 

the review texts consisting of textual errors and colloquial speech (Marr, 2015:80). Figure 5 

shows the dataset in Excel before it was suitably prepped for analysis.  

 

Preparing the data is indeed a time-consuming process, but it is critical in ensuring that the data 

is suitably formatted and ready for analysis, including data cleaning, creating new variables 

and formatting variables (Grace-Martin, 2015, [online]). To prepare and check the data, Excel 

was used to add appropriate columns for the string variables that SPSS would not be able to 

analyse into numeric data to make it suitable for input into the software later (see Figure 6 for 

the prepped version). Moreover, it is important to select the most relevant metrics in order to 

be able to execute the model and perform the next steps effectively (EMC Education Services, 

2015:36).  

 

Figure 5 - Dataset in Excel 
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Plan and build 

Before analysis, this phase is important in understanding the possible relationships between 

variables and to fully understand the business sphere in order to solve the problem (EMC 

Education Services, 2015:44). This stage aims to determine the analytical methods, techniques 

and tools and if the current tools are efficient enough for analysis (EMC Education Services, 

2015:30), and also if the analysis will suitably inform the research objectives. It is also 

important to identify the variables of particular significance for data analysis (see Appendix 

B).   

 

Analysis 

The analysis of data needs to be conducted with the business problem and the research 

objectives in mind to allow the identification of possible relationships between variables and 

therefore isolate relevant and suitable analysis to be performed. The more appropriate type of 

analysis to be performed for this dataset is descriptive. This is because the dataset is based on 

reviews and ratings, which is influential for understanding the current existing sales patterns 

and customer behaviour (David, 2019 [online]). The reviews also reveal levels of customer 

satisfaction, through the text review itself and the rating given by the customer, so descriptive 

analysis will enable the identification of such variable and sample characteristics that influence 

insights (Thompson, 2009:57).  

 

The first part of the analysis of the dataset is a simple bar graph (see Figure 7) showing the 

percentage ratio of each review rating from 1 (worst) to 5 (best) awarded by customers 

reviewers. Over half the reviews were rated the highest score, with the lowest category being 

a review rating of 1. This gives an overall sense of positive customer feedback and a high level 

of customer satisfaction.  

Figure 6 - Dataset prepped in Excel ready for SPSS 
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Furthermore, it would be useful to investigate the effect of age (by decade) on rating given 

(from 1 to 5). Figure 8 shows a graph breakdown of each rating category and within each one 

how many customers rated it that score from each age decade, and this is measured against 

percentage of total count of reviews. The graph clearly shows that the 30-year-old category 

provided more reviews than any other age group across all rating categories.  

 

The review rating is an important variable to measure relationships since it is similar to the 

value of brands’ star ratings, which are the most important review factors to customers 

(Murphy, 2020, [online]).  

Figure 7 - Type of reviews (rating) 

Figure 8 - Age of customer and review rating given 
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To help the company understand their audience better, it would be useful to identify the average 

age of reviewers. Figure 9 shows the number of reviews by age group, visualised in a pie chart. 

Since there was such a diverse range of reviewer ages which made an unappealing bar chart 

(see Figure 10), the ages were coded into groups by decade. Through a univariate analysis, 

Figure 11 shows a histogram of number of reviews given by each age decade. The mean age is 

38.51 and knowing this allows the company to develop their target marketing strategy 

accordingly, through their product range and prioritisation of resources (Chron, 2021, [online]). 

 

 
Figure 9 - Most reviews by age group 
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Figure 10 - Age of reviewers 

 
Figure 11 - Histogram of age of reviewers 

Since a study found that reviews are important factors in customer’s decision to purchase, with 

less reviews delaying customers in buying (Fan and Fuel, 2016, [online]), the company’s 

review feature must remain an element in the customer journey.   

 

To understand clothing categories that are well-received by customers, a univariate analysis 

investigates the number of reviews of each class name to discover the top 3; first is (4) Dresses 

= 6319; second is (9) Knits = 4843; third is (1) Blouses = 3097. The data is visually represented 

in the pie chart in Figure 12. Since over half of the reviews were rated positive, it is feasible to 

state that a high number of reviews suggest that these three clothing categories were purchased 

more. These findings can be used to establish best-selling products within the company, which 

can help identify products for development from the lower rated departments.    
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Figure 12 - Number of reviews against class name 

Communications 

The communications phase aims to understand if the business problem has been fully tackled 

and unravelled If not, the process needs to re-start from the analysis stage. The communications 

stage will also see the results concisely and clearly outlined in a report to present to the 

managing team, highlighting problems, findings and possible solutions. Presenting and 

interpreting the results must be done in a meaningful way to ensure they ‘inform decision-

making and improve performance’ (Marr, 2015:155). If this is not demonstrated, even having 

a technically accurate data analysis will not be enough, since the value is in the manner in 

which the results and communications are demonstrated (EMC Education Services, 2015:30; 

Marr, 2015).  

 

To help evidence decision-making, data should be presented clearly and simply so that the 

reader can easily understand. This can be accomplished through data visualisation, including 

graphs and charts, which make the data more ‘accessible and meaningful’ and also more 

effectively illuminates relationships between the data (Marr, 2015:157). A more creative and 

efficient way to communicate results is through infographics, using an amalgamation of text 

and graphics to report data (Marr, 2015:178).  

 

Operationalise 

In this final phase of data analysis, once results have been interpreted, they can be converted 

into steps to be operationalised by the business. This is an important stage as it is based upon 

the crucial actionable knowledge from the analysis to form final recommendations that 

evidence decision-making (Bumblauskas et al., 2017:19). Rather than deploying the new 

recommendations immediately, this stage suggests implementing them on a pilot study before 

wide-scale rollout to minimise risk of error (EMC Education Services, 2015:50-51).  
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Conclusions and Recommendations 
To conclude, the analysis of consumer review data is critical to digital marketers to gain 

valuable insights and facilitate customer agility to make better business decisions (Zhou et al., 

2018; Roberts and Grover, 2014).  

 

Using different analytical tools and software allows more meanings and insights to be extracted 

from the data. Although simple descriptive text and figures show results, it is not able to 

measure relationships between variables and present data in a creative and well-defined way 

like tools of data visualisation presented in this report can.   

 

As presented in this project, the findings from customer reviews are important in understanding 

consumer purchase patterns, behaviours, and levels of customer satisfaction. The company 

should focus on product development, and since the data analysis revealed insights into the 

ages of customers, the company should use this information to effectively target this 

demographic by offering products that reflect their interests and needs.  

 

With the importance of reviews influencing customers to purchase, the company would benefit 

from using the positive reviews as customer testimonials during lead acquisition to share with 

potential customers (Cox, 2021, [online]). With regards to the small number of negative 

reviews, the company should follow up with these customers through personalised responses 

to make the show that the company is interested in their customers’ fulfilment, with the aim to 

lower numbers of negative reviews even more and increase customer retention. A follow-up 

analysis after this recommendation has been deployed within the company would be valuable 

to measure extent of improvements and to see if this goal has been achieved.  

 

Even though over half of the reviews in the dataset reflect positive opinions, a more thorough 

analysis of the lower rated reviews would be valuable to identify precisely what products are 

not as highly rated in the eyes of consumers. This could be investigated through further tests.  

 

The analysis of the dataset for the company evidenced consumer purchase patterns in regard to 

age group and popular clothing categories. However, further analysis could be carried out to 

consider other elements, such as conducting an in-depth sentiment analysis of the review texts 

to understand more about consumer attitudes (both positive and negative) towards products, 

and to understand emotions and opinions in a more qualitative way.  
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Appendices 
 

Appendix A – Description of Dataset 

 

 
Dataset 

Name of the Dataset Women’s E-Commerce Clothing Reviews 

Describe Type of Data 

 

The dataset represents reviews of women’s e-commerce 

clothing, the department of the item reviewed, the review 

rating, the age of the customer, and recommended IND 

Location and/or Ownership 

(Internal/External) 

The dataset was retrieved from www.kaggle.com and was 

published by Github of an anonymised retailer as it is real 

commercial data 

External from the market, i.e., customers 

Data Format 

(Structured/Unstructured) 

Structured 

Data Collection Method  Secondary data – downloaded from www.kaggle.com  

 

Data Volume/Scale Rows: 23485 of clothing reviews 

Columns: 11 variables referring to customer review 

categories (10 feature variables) 

Data Quality Complete to allow for multivariate analysis 

 

 

  

http://www.kaggle.com/
http://www.kaggle.com/
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Appendix B – Description of attributes/variables 

The variables in grey reflect the ones that were not used for analysis.  

Attribute/Variable Description Variable Type 

ID ID number Numerical 

Clothing ID Integer referring to the specific clothing piece 

being reviewed 
Categorical  

Age Positive integer of the age of reviewer Numerical 

Title Title of the review Nominal 

Review Text Review body Nominal 

Rating Positive ordinal integer for the product score 

given by the customer (from 1 Worst, to 5 Best) 
Numerical (ordinal) 

Recommended IND Binary variable of whether the customer 

recommends the product (1 is recommended, 0 

is not recommended) 

Numerical 

Positive Feedback 

Count  

Positive integer showing the number of other 

customers who found the review positive 
Numerical 

Division Name Name of product division Categorical 

Department Name Name of the product department name Categorical  

Class Name Name of the product class name Categorical 
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