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Abstract 
An erroneous number of items is determined by suppliers in retail or online stores, either excess or defective 
items, which results in an unnecessary cost of storage or lost sales. Both situations are considered as lost that 
should be avoided by companies and support decision-makers for a better decision, understanding customer 
segmentation and marketing strategies, using some consumer segmentation parameters like product reviews, 
customer Age, buying pattern, finally reach customer satisfaction and profit maximization. Results will be very 
valuable to the companies and decision-makers and will enable companies to be aligned with the actual customer 
requirements. This study will predict recommendations on products using data mining algorithms. The result 
shows that Naive Bayes and Neural networks are better classifiers using confusion matrix having 94 % accuracy 
followed by SVM with accuracy 93%, on the other hand, KNN and Random Forest have 89%. Finally, we 
performed our test on some random customer comments and NN as the best prediction model.  
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1. Introduction 
This project was directed to the purchasing management area to assist companies in purchasing products for 
retail and responding to customer needs on time, collecting and making plans for the next season. From the 
marketing perspective, consumer behavior research is necessary for marketers to understand their target market 
to develop suitable marketing strategies. Public reviews and Data collected from different sites as customer 
comments can be very useful to direct decision-makers to find the polarity of the customer opinion and make 
correct decisions this process of understanding words is called semantic analysis. which consider as a process of 
analysis that is performed on non-durable consumer goods like food, clothing, therefore, it is imperative to 
understand the segmentation of customers that make different judgments to their pre-purchase decision to help 
the section makers to know the customer mindset for the best profit. 
1.1. Relevant literature 

 Although data mining and machine learning technique applications are relatively new in the apparel industry, 
they are very popular in related research. Many works are done in improving apparel production, with the help 
of data 
mining. As [1] fashion is considered a movable business, that depends on individual taste and is subject to many 
influences, like religion, culture, the weather also affected by movies and stars. so, offering a variety of products,  
and responding to the speed of demand is what will lead to the success of this business. will guarantee the ability 
to compete successfully in a segmented market. 
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1.1.1. Fashion Retail: 
[2] research discover that fashion forecasting is stricken by many characteristics, wherein the closing step of this 
complicated technique is the product sale to the consumer, and because of the regular novelty it is important to 
know the fashion retail industry characteristics. 
The fashion demand for items is considered unstable because it's influenced by external conditions such as 
weather, celebrates as Halloween and Christmas that taken into consideration when forecasting model some of 
these factors are: 
- Time Horizon: is an accurate model based on a customer survey collected data with a time before season [3]. 
- Seasonality: in the industry of clothes there are sensitive items that are affected by seasons, such as wearing 

swims or pullovers, others are not affected, such as panties. 
- Exogenous Variables: these factors are explanatory variables or uncontrolled [4]. 
1.1.2. Segmentation:  
It considers a way of classifying customers that have common characteristics and giving direction to customer’s 
servers, to know the kind customer needs for his satisfaction [5] . 

 
1.1.3. Decision Making: 
 
[6] study show that based on the products themselves there are three types of decision-making processes, the first 
kind is the response behavior routine, of preferring low-cost products, and frequently bought products. The 
second kind is limited decision making and is usually when the consumer knows what he wants but wants to 
select. The third type is the most complex and happens when the consumer buys infrequently products, more 
expensive, this what make marketers are working to understand specific consumers [7]. 
 
1.1.4. Customer segmentation clustering: 
 
For a selected category problem, the proper clustering set of rules and parameters ought to be decided on for 
acquiring the most appropriate consequences in [8] study. It considers as a sort of exploitative records mining 
used in lots of application-orientated regions which include gadget learning, category, and sample popularity [9]  
k-Means set of rules is one of the maximum famous partitioning clustering algorithms [4]. 
the objective characteristic is: 

   J = � ∑ r𝒏𝒌𝑛
𝑘=1

𝑛
𝑛=1

‖xn − µn‖2 
 

 
 

 
K-means algorithm works following these steps: Specify the number of clusters K.  

- Randomly selecting K data points for the data X without replacement and marking centroid c ₁ 
- Choose another centroid ci with the probability  𝐷(𝑋)2

xϵX  𝐷(𝑋)2 
where D(x) denotes  

- the shortest distance from factor x to its closest, have already got chosen centroid.  
- Repeat 2. until all k initial centroids are chosen, and centroids have no changes anymore. 

 
        1.1.5. Data Mining: 

Data mining is the procedure to extract interesting patterns from huge amounts of data [10].maybe classified, 
descriptive and predictive, first descriptive models attempt to extract that describe the data in the database, 
Where predictive mining attempts to expect ambiguous values, trends, most preferable depending on other 
variables or historical we already have withinside the mined database  [10], to prepare to Data Mining we have to 
follow these steps: 

• Data Integration: a collection of data that is integrated from many sources. 
• Data Selection: select only the needed data from all selected data. 
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• Data Cleaning: since data might include errors, lacking values, noisy or inconsistent statistics. 
• Data Transformation: collected data need to be transformed, smoothed, normalization and aggregation so      
       it is ready for mining. 
• Data Mining: is considered a technique that is applied to data to discover patterns using classification, 

clustering, regression, association, and Predictive analytic [11]. 
• Presentation: Data visualization, transformation and removing redundant, etc. 
• Decisions use of discovered knowledge: Decisions of discovered knowledge: by using the knowledge we   

can take better decisions [12]. 
 
   1.1.6. Data Mining Algorithms: 
 

• Logistic regression model: it is just like linear regression that checks the relationship between 
dependent and independent variables [13]  [14] . Logistic regression has a low variance due to its 
simple operation structure and is, therefore, less prone to overfitting. 

 
• Naive Bayes classifier: considered a popular classification algorithm because of its efficiency, 

simplicity, and accuracy in computers fast to be learned and successful in real-world problems [15] 
this algorithm is based on Bayes theorem, total probability. 

 
• Extra trees classifier: series of decision trees are created from various subsets of the training data set 

[14]. averages are used in this classification to check the accuracy of the prediction by estimating 
the model that fits the random decision tree. 

 
• KNN (k-nearest neighbors classifier): It is a supervised algorithm that aims to categorize the objects 

based on neighbors closest to them. K is considered the positive integer of the neighbors [16]  
 
• Bagging classifier:  it is considered the same as multiple classifiers in estimation, and a method to 

increase the algorithm accuracy, each class result is then passed to many selection processes [17] . 
 
• Random forest classifier:  one of the favored multiple decision trees due to its high performance only it 

faces the problem of overfitting [16]. 
 
• Sequential minimal optimization (SMO): an algorithm that is characterized by its fast, and ease, and is 

used for solving small quadratic programming [17] . 
 
• Neural Network: It works in a single or multi-layer artificial neural network system and is actively used 

in supervised learning where classification processes are performed [18]. Single-layer sensors 
execute the classification process by giving the most appropriate weight coefficients to the inputs 
linearly. 

 
1.1.7. Model evaluation: 
 

System accuracy and performance of the classifier is going to be checked by a confusion matrix, 
1- True Positive (TP): correct predicted values. 
2- False Negative (FN): wrong predicted values. 
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3- False-positive (FP) is that the number of wrong predictions, the classifier has been incorrectly anticipated 
as spam. 

4- True Negative (TN) is that the number of correct predictions, the classifier has been correctly anticipated 
as negative. 

- Accuracy: referred to the total number of correct predictions. 
- F: is the weighted average of the recall (sensitivity) and precision. 
- Sensitivity: referred to as True Positive Rate or Recall. 

 
 

precision 
= 

 
recall = 

TP 
, 

TP + 
FN 

TP 
, 

 

F = 2. 

TP + FN 
precision. recall 

. 
precision + 

recall 
Different types of data analysis techniques are used to investigate data as a conclusion tool for sentiment 
analysis, customer sentiment Understanding is considered very important in marketing strategies these 
days because it gives companies insight into how customers realize their products and inspire them on the 
way to improve their offers. [20] tries to understand the correlation between some reviews of customers use 
a variant of variables from women’s clothing e-commerce and classify each review as recommended or 
not, online feedback has been defined using the LDA process and two methods are used in the model for 
the document-level classification task, with two different datasets one training and testing  [19] . Many 
analyses were implemented on dataset features at the product regardless of reviews titles and texts then 
implement a bidirectional recurrent neural network for recommendation and sentiment classification. the 
result indicates that recommendation is a vital component that impacts the score of positive or negative 
sentiment, different researchers indicate the best-repeated words in a pie chart, the number of Reviews 
from each department that is visualized in a bar graph and visualizes the word cloud with the aid of using 
packages (’word cloud) [21]. 
  He finds also that bidirectional LSTM has obtained a result of 0.88 for recommendation classification and 
0.93 for sentiment classification.[22] carried out a technique to find the sentiment polarity and he applies 
his tests comments on amazon to films and converted German to the English language. also, [23]  make the 
same with reviews but converted the Chinese to English and then used it to carry out a sentiment analysis 
on those translated reviewer's comments. Results show that translated reviews outperform original ones. 
Another study on Chinese public figures has been performed in [24] the opinion polling of public figures. 
Using WEKA, three approaches of data mining decision tree, Naive Bayes, and Neural networks on the 
dress sales data set. The results show that the better performance is when using the Naive Bayes model 
[25]. also, research was done by [26] to predict outfits Sales results show to be that the better accuracy in 
the Multilayer algorithm gives a result is 84%, K-Star is 81%, and   Naive Bayes was 72%. In 2020 a 
model is created by Abdulrahman & [27] to Predict the recommends on items using data mining 
algorithms C4.5 and Naive Bayes and shows the accuracy of 81% with C4.5 and 82% by using Naive 
Bayes. 
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2. Methodology  

      Figure 1 shows the design of the proposed system to predict recommendations of the clothing products. 
firstly, the dataset has been Studied and analyzed to identify and analyze the segmenting variables. 
secondly, data preprocessing is applied to the dataset, applying different algorithms to generate a model for 
Predict Recommendations on Products and Understanding consumer perceptions. thirdly, evaluate the 
model using confusion matrix, Finally, the model has applied to some customer Amazon comments, as 
shown in the following steps: 
1- Data set and Business studying. 
2- Pre-processing data and Target market. 
3- Modeling and applying the algorithm. 
4- Model Evaluation. 
5- Deployment 

 

 
 

Figure 1: Proposed model. 
 

3. Presentation and analysis 

- Data used in the study: 
The Women’s Clothing E-Commerce Reviews [28] ,This data- set consists of reviews  
written by a real customer and has various characteristics which will be described in table 1. 
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Attribute Type Examples 

Clothing ID Categorical Refers to the piece being reviewed 

Age Numerical Age of the reviewer’s age 

Title Categorical Review title  

Review Text Categorical The description of the product by customers 

Rating Numerical Ratings by the customer worst 1 to best 5 

Recommended IND Numerical 1  i s  Recommend, 0 is not recommended. 

Positive Feedback Count Numerical customers who found this review is correctly recommended 

Division Name Categorical Division-product high-level name  

Department Name Categorical product department name  

Class Name Categorical  Product class name  
 

Table 1: Data-Set attribute description. 

- Pre-processing data set: 
       Data-cleaning by checking and omitting elements that contain missing values as Title column, that 
have about 16.2% missing, also Remove missing values in review text, outliers, and some non-believable 
values should be detected. 
Data visualization was performed on data and most repeated in department Name distribution is shown in 
figure 2, class name distribution is shown in figure 3, top 30 ID shown in figure 4, top 50 ID shown in 
figure 5, top 70 ID shown in figure 6, where figure 7 shows the ratio between recommend and not 
recommended, figure 8 shows the recommendation by use age segment, finally figure 9 shows the 
recommendation by use class name segment. Feature selection is applied to select the most important 
attributes, then feature encoding has been applied on data to convert categorical data to numerical to be 
able to train our data, as some algorithms should work with numerical values. 
Text cleaning has been performed on the review column that is considered a combination of texts, so 
Word cloud was performed to study NLP (natural language processing) as shown in Figures 10, 11. By 
using Python the database divided attributes into training data and test data. 

 

- Dataset studying and visualization: 
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Figure 2: Department name distribution 

. 

 
 

Figure 3: Class name distribution. 
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Figure 4: Top 30 clothing ID distribution. 
 

 
 

Figure 5: Top 50 clothing ID distribution. 
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Figure 6: Top 70 clothing ID distribution. 
 

 

 
Figure 7: IDs recommendation ratio. 
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Figure 8: Demographic segment-Age-compared to Recommendation. 
 

 
 

 
 

Figure 9: Lifestyle segmentation-class name compared to Recommendation. 
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Figure 10: world-cloud for some selected words from customer comments. 
 

Data-set analysis based on different segmentation: we want to know if age, class name, affect the reviews 
or not. We use the age group column (Demography) and divide it into groups using two methods, firstly 
grouping it to teens, youth, adults, elderly as shown in figure 12, finding that youth have more variation in 
rate as shown in figure 13, we also use the k-mean cluster to find if we will have different clustering, this 
shows in figure 14,15. The youth group had a large amount of variation in the ratings they gave. Age group 
shows that it affects the rating based on product class and that the trendy class has a large variance 
compared to others as shown in figure 13. 

 
 
 

 
 

Figure 11: world-cloud for All words in Text Review. 
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Figure 12: Reviewers in each age group. 
 

 
 
 

Figure 13: Rating grouped by age. 
 

The Elbow curve has been used to Get the right number of clusters as shown in figure 14.  
using Silhouette Analysis, the best cluster number is 3 as shown in Figures 14 and 15, so we can consider 
4 groups will be a good grouping for the customer by age. 
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Figure 14: No.of clustering use Elbow Curve. 

 
Afinn lexicon library has been used, to define customers' positive and negative reviews, and then check 
the effect of Age on semantic. 
 
 Finally, we find that across all age groups comments are positive. However, there are more outliers in 
sentiment scores amongst teens, aged below 20 and above the 60s. 
 
The same has been done on division and rating, as shown in figures [16-28] 

 

 
 

Figure 15: No.of clustering use Silhouette Analysis. 

 
- Classification: 

     Data set processed algorithms, Logistic Regression, SVM, Naive Bayes, KNN, Neural Networks, Tree  
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classifier, Random Forest, Bagging Classifier, will be applied to the E-commerce data set, Roc curve is shown  
in figure 29 and confusion matrix results are shown in tables [2-9] , Our model will be applied to English and 
Arabic Reviews, tables [30-33]. 

 

 
 

                                     Figure 16: Sentiments distribution by age. 
 
 
 

 

                                   Figure 17: Semantic distribution by-product for teens group. 
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Figure 18: Semantic distribution by- product for youth group. 
 
 
 

 
 
 

Figure 19: semantic Distribution by- product for t he  adult age group. 
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Figure 20:  Semantic distribution by- product for t he  elderly group. 
 

 

 

Figure 21: Semantic distribution by division for teens group. 
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Figure 22:  Semantic distribution by division for youth group. 
 

 

 

Figure 23:  Semantic distribution by division for t h e  adult group. 
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           Figure 24: Semantic distribution by division for elderly Group. 
 

 

 

     Figure 25: Semantic distribution by rating for teens group. 
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          Figure 26:  Semantic distribution by rating for youth group. 
 

 
                                                                                         Figure 27:  Semantic distribution by rating for t h e  adult group. 
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Figure 28: Semantic distribution by rating for t he  elderly group. 
 
 

 

Figure 29: ROC curve for different Models.
 

- Model Evaluation: 
 Logistic Regression 

precision recall f1-score support 

False 0.78 0.64 0.70 458 
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True 0.96 0.98 0.97 3665 

accuracy   0.94 4123 

macro avg 0.87 0.81 0.83 4123 

weighted avg 0.94 0.94 0.94 4123 

Table 2:  confusion matrix uses Logistic Regression. 
 

 

 Support Vector Machine (SVM) 

precision recall f1-score support 

False 0.83 0.45 0.59 458 

True 0.94 0.99 0.96 3665 

accuracy   0.93 4123 

macro avg 0.88 0.72 0.77 4123 

weighted avg 0.92 0.93 0.92 4123 

Table 3: confusion matrix use SVM. 
 
 

 Naive Bayes 

precision recall f1-score support 

False 0.79 0.65 0.71 458 

True 0.96 0.98 0.97 3665 

accuracy   0.94 4123 

macro avg 0.87 0.82 0.84 4123 

weighted avg 0.94 0.94 0.94 4123 
 

Table 4: confusion matrix uses Naive Bayes. 
 Neural Network 

precision recall f1-score support 

False 0.71 0.64 0.67 458 

True 0.96 0.97 0.96 3665 

accuracy   0.93 4123 

macro avg 0.83 0.80 0.82 4123 

weighted avg 0.93 0.93 0.93 4123 
 

Table 5: confusion matrix uses Neutral Networks. 
 

 Random forest 
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precision recall f1-score support 

False 0.96 0.05 0.10 458 

True 0.89 1.00 0.94 3665 

accuracy   0.89 4123 

macro avg 0.93 0.52 0.52 4123 

weighted avg 0.90 0.89 0.85 4123 
 

Table 6: confusion matrix uses Random Forest. 
 

 Bagging Classifier 

precision recall f1-score support 

False 0.59 0.39 0.47 458 

True 0.93 0.97 0.95 3665 

accuracy   0.90 4123 

macro avg 0.76 0.68 0.71 4123 

weighted avg 0.89 0.90 0.89 4123 
 

Table 7: confusion matrix uses Bagging Classifier. 
 

 KNN 

precision recall f1-score support 

False 0.46 0.07 0.13 458 

True 0.90 0.99 0.94 3665 

accuracy   0.89 4123 

macro avg 0.68 0.53 0.53 4123 

weighted avg 0.85 0.89 0.85 4123 
 

Table 8: confusion matrix uses KNN. 
 

 Extra tree classifier 

precision recall f1-score support 

False 0.92 0.13 0.22 458 

True 0.90 1.00 0.95 3665 

accuracy   0.90 4123 

macro avg 0.91 0.56 0.59 4123 

weighted avg 0.90 0.90 0.87 4123 
 

Table 9: confusion matrix uses Extra tree classifier. 
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4. Result 

 Using the Women’s Clothing E-Commerce Review dataset, we find that most consumers seem to have 
positive Rates and that age segment affects Rates as the trendy clothes category had a higher rating by youth 
whereas knitwear was more preferred by individuals who are between the ages of elders. We also find that 
product group effect rating as jeans have a high rating for all age groups, except for elders, blouses dipped in 
median scores for the age group teens and youth, we then apply different classification models (LR, SVM, 
Naive Bayes, NN, Random Forest, Bagging Classifier, KNN) that shows that Naive Bayes and Neutral 
networks are better-using confusion matrix, KNN, and Random Forest are the least. Finally, we performed 
our Test on some random customers comments from Amazon on women clothes, for some Arabic and 
English comments, we also use a translator from Panda library for Arabic comments, most of the predictions 
are correct, but some of the sentences like ”it’s ok if you’re a size 8 or 10 won’t fit all sizes, not enough 
material” is not correct as it and considered it as True when we use LR, SVM, Naive Bayes, the only one that 
considers it as False was NN, also when applying it on Arabic comments NN Consider the most accurate in 
predicting a Psycho-graphic segment figure 33. 

 

Figure 30: customers comments from Amazon. 
 
 

 
 

Figure 31: Arabic customer's comments from Amazon. 

 

 
 

Figure 32: customer's Arabic comments after translation. 
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Figure 33: prediction uses different ALG.for customers Arabic comments. 

 

 

5. Conclusion: 

15T    Customer segmentation based on the customer comments and preferences pattern of customers considers a 
challenging task. To know what Customers, prefer and try to predict future predictions to the retention and attract 
the major customers to increase the purchasing power. In the present work, we can use a real retail dataset as the 
used one is limited When the data is increased, the result is expected to be more precise, also will be better to have 
more customer segmentation as Geographical, which should help in retails to know which exactly they have to 

                              have in each of their branches. 
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