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Given that modeling and predicting customer behavior using data science helps companies
gain a better understanding of customer behavior, this research focuses on analyzing customer
reviews in the women’s clothing domain within e-commerce. We employ machine learning
techniques and natural language processing (NLP) to achieve this goal. The machine learning
models used include Support Vector Machine, Logistic Regression, Decision Tree, Random
Forest, Multinomial Naive Bayes, Complement Naive Bayes, XGBoost, and LightGBM. To
extract and vectorize text features from the reviews, we utilize the TF-IDF and Word2vec
algorithms. We employ Topic Modeling using the Latent Dirichlet Allocation (LDA) method
and k-means clustering. The dataset consists of women’s clothing reviews, with the target
variable being customer ratings in those reviews. The study is conducted in binary, three-class,
and five-class scenarios. The target variable, which originally has five classes (scores 1 to 5),
is categorized into two-class and three-class modes. In the two-class mode, scores below 3 are
class zero, while scores of 3 and above are class one. In the three-class mode, scores below 3
are class zero, scores equal to 3 are class one, and scores above 3 are class two. In all three
cases, the Random Forest model performs best, achieving an accuracy of 0.98 in the binary
case, 0.95 in the three-class case, and 0.91 in the five-class case. After performing the required
preprocessing and feature engineering, principal component analysis (PCA) and T SNE are
applied. After that, the scatter diagram of the data is drawn and the optimal number of clusters,
3, is estimated using the elbow and silhouette diagrams. In the next step, by removing
punctuation marks, stop words and words with fewer than three letters, converting the first
letter of the words to lowercase and lemmatization, data cleaning was done. After that, topic
modeling was done and each of the topics and words related to them were examined. In the
next step, the topics were examined in different clusters.  These analyses provide a
comprehensive understanding of the key themes and concerns customers have when
considering womenswear items in each of the four topics.
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reviews for e-commerce commerce clothin Recommended B LR, RF, KNN,
recommendation based on . & Index CatBoost
machine learning 2023 [ feviews
Exploring commonly used terms Customer reviews
from online reviews in the Positive RF, SVM, LR,

on amazon’s
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Using Topic Modeling for Women's e-
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Sentgnent forecasting in women’s Reviews on ' NB, SVM, NN,
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B Estimated term frequency within the selected topic

1. saliency(term w) = frequency(w) * [sum_t p(t | w) * log(p(t | w)p()] for topics t. see Chuang et. al (2013
2 relevance(term w | topic 1) = A * p(w | 1) = (1 - A) * p(w | /p(w); see Sievert & Shirley (2014)
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1. saliency(term w) = frequency(w) * {sum_t p(t | W) * 109(p(t | W)/p(1)] for topics & see Chuang et. al (2012)]
2. relevance(term w | topic 1) = A * p(w | 1) = (1 - A) * p(w | I/D(w). see Sievert & Shirley (2014)

Top-30 Most Relevant Terms for Topic 3
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1. saliency(term w) = frequency(w) * [Sum_t p(t | w) * log(p(t [ w)p(1)] for topics & see Chuang et al (2012)
2. relevance(term w | topic 1) = A * p(w | 1) = (1 - A) * p(W | /p(w); see Sievert & Shirley (2014)

Top-30 Most Relevant Terms for Topic 4
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Topic three (focusing on shirts and tops)

and "model"

Items Frequent words Analysis
"size," "petite," "regular," Phrases such as size, petite, regular, small, waist, short, and usual emphasize the
’é\ Fit "small," "waist," "short," importance of fit. Buyers frequently mention the fit of pants or jeans, the need for various
S "usual" sizes (e.g., small), and achieving a perfect fit.
= "comfortable," Words such as comfortable, stretch, and soft indicate that buyers prioritize the feel of the
© Comfort n "nn n.n T " T
8 stretch","soft", "skinny clothing.
<
2‘ Style "pair," "perfect," "nice," Words such as pair, perfect, nice, cute, style, and quality highlight the importance of the
SD "cute," "style," "quality" appearance and overall style of the pants and jeans.
=)
3 . Phrases such as stores, sale, and retailer indicate that the shopping experience, including
3 Shopping "store," "sale," and "retailer" the location and method of purchasing items, plays a significant role in tomer
£ experience store," "sale, etaile e locatio ethod of purchasing items, plays a signific ole custome
2 satisfaction.
3
Q
& Occasions and | ,,. 4 W e » | Words such as time, buy, right, and glad indicate that customers evaluate these items based
i - time," "buy," "right,", "glad T . . . . . . .
applications on their suitability for various occasions and their overall satisfaction with their purchase.
e Fabric and "soft," "fabric," "material," Words such as soft, fabric, material, warm, and nice indicate that customers value
E comfort "warm," "nice" comfortable and high-quality materials in jackets and shirts.
wa
k) "beautiful," "cute," "black," Phrases such as beautiful, cute, black, blue, button, and details indicate that visual appeal
ﬁ Style " nn " " S o H :
s blue," "button," and "detail and design details are very important to customers.
Q
T:)s Price and Words such as price, sale, and retailer indicate that customers consider the cost and value
= value "price," "sale," and "retailer" of money when evaluating these items. Finding good deals and feeling that the item is
cob worth the price are also important factors.
=)
g The use of words such as small and little indicates that fit and size are important
é Fit "small" and "little" considerations. Customers often discuss whether items meet their expectations and
e whether the sizing is accurate.
2
Q Shopping "store," "online," "photo," Phras§s such as s}ore, online, phgto, and picture h1ghl1ght th@ 1mp0rtance‘of the shopping
5 b " " experience, both in-store and online. Customers discuss how items appear in photos versus
= experience and "picture . . . .
in person and their overall shopping experience.
AL nn ll n "1 n . . ) . )
@ ”51ze,. STZ}, i arge',' Words such as size, small, large, medium, shoulder, waist, body, bust, and arm indicate a
2 Fit medium," "shoulder, strong emphasis on how shirts fit different parts of the body and concerns regarding overall
% "waist," "bOdy,” "bust,“ and o g p p Yy g g
= "arm" sizing.
Fabric and "fabric," "material,” and Phrases such as fabric, material, and soft h}ghllght the importance of.fabrlc qual¥ty and
material neofi" comfort. Customers often comment on their feelings about the materials and their overall
quality.
"beautiful," "cute," "nice," Words such as beautiful, cute, nice, design, flatter, shape, and model indicate the
Style "design," "flatter," "shape," importance of appearance and style. Customers consider how shirts look and whether they

are flattering to their body shape.

Occasions and

"return", "design"

The word return indicates that some reviews might discuss the return process due to fit or
quality issues. Words such as design suggest that customers consider shirts for various

licati :
applications occasions.
Terms like short, bottom, tight, length, side, and area highlight the significance of specific
Details "short," "bottom," "tight," details regarding the fit and design of shirts to customers. These terms frequently appear
"length," "side," "area" in customer feedback, underscoring the importance of particular shirt attributes in
influencing customer satisfaction.
Fit and "comfortable,” "soft," "fit," Terms like comfgrtable, soft, ﬁt., comfy, an.d pefrfect suggest that customers prioritize the
" " " feel and fit of skirts. The focus is on selecting items that offer both comfort and a proper
comfort comfy," "perfect fit
“cute,” “nice,” “beautiful,” Words such as cute, nice, beautiful, flatter, details, and quality underscore the significance
Style “flatter,” “style,” “detail,” of appearance and style. Customers value skirts that are visually appealing and feature

and “quality”

attractive design elements.

Occasions and
applications

"casual," "summer," "fall,"
Hpiece’" "easy’"

Phrases such as casual, summer, fall, piece, and easy suggest that customers seek versatile
skirts suitable for different seasons and occasions. The ability to pair these skirts with
various tops, such as shirts and blouses, is also a key consideration.

Words such as fabric, material, light, and feel highlight the importance of fabric quality

Topic four (focusing on skirts and casual

Fabric and "fabric," "material," "light," . . . L
abric an a ,r,lc’ ,,ma cral,” hght, and the tactile experience of skirts. Customers frequently remark on the suitability of
material and "feel . . o . .

materials for various weather conditions and their overall quality.

Shopping Words such as compliments, time, and glad suggest that customer satisfaction is

experience "compliment," "time," and significantly influenced by the feedback they receive when wearing skirts. Positive

and "glad" experiences and compliments from others enhance their overall satisfaction with the
satisfication purchase.
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Name Formula Definition
TP +TN i iti i
Recall TPR = The proportion of true positive san.ll.)les that are correctly classified as
FN +TP positive
_ TP +TN The proportion of correct predictions among the total number of
Accuracy = -
TN +FP +FN +TP predictions
Precision
TP . . e o
P = 7P TP The proportion of predicted positive instances that are actually positive
Fl-Score Fl=2 P xTPR To measure the harmonic mean of precision and recall, providing a
P +TPR balanced evaluation by considering both false positives and false negatives

39 Gradient Boosted Decision Trees

31 Gradient-based One-Side Sampling

32 Exclusive Feature Bundling

33 Extreme Gradient Boosting (XGBoost)
Y

26 Complement Naive Bayes

27 Ensemble learning

28 Parallel ensembling

¥ Light Gradient Boosting Machine


https://www.google.com/search?sca_esv=7dcbc37479457eb0&sxsrf=AE3TifO8sXukRjOqmiL1zEMje8zldT_Hcg:1767374948024&q=Precision&si=AMgyJEvxgSUSIkrUCZ1V4nP9J0sjFiOjUf3-QDf3Z2QU8Oo0pci_uUlgDZyaUCMdtZb27y4elbluZiSMRyc_Br7UoIcomD0yK_X1w8Yq505Ezh6odQwxEdK4LBDBIJwmDicmRIhoD0veN6E2tCJ1ooflxDymMYkIkg%3D%3D&sa=X&ved=2ahUKEwj02tjfsO2RAxXe7QIHHR5QAtMQyNoBKAB6BAgbEAA&ictx=1
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shetty, et.al (2023) This study
Evaluation Metrics
Accuracy Precision Recall Fl-score | Accuracy | Precision | Recall F1-score
Support Vector Machine 0.94 0.94 0.99 0.96 0.95 0.96 0.95 0.95
Logistic regression 0.93 0.94 0.99 0.97 0.90 0.91 0.92 0.91
2 Decision Tree - - - - 0.91 0.92 0.92 0.92
§ Random forest 0.90 0.90 1.00 0.95 0.98 0.96 0.99 0.98
2 | AdaBoosting 0.91 0.93 0.97 0.95 - - - -
g Bernoulli Naive Bayes 0.92 0.95 0.97 0.96 - - - -
; Multinomial Naive Bayes 0.89 0.89 1.00 0.94 0.87 0.86 0.94 0.89
g szlemem Naive ; - - - 0.87 092 | 086 | 0.89
XGBoost - - - - 0.91 0.91 0.94 0.93
LightGBM - - - - 0.90 0.91 0.92 0.91
Az g AT bl guls .0 Jeuo
Three-class Five-class
Evaluation Metrics
Accuracy | Precision Recall F1-score Accuracy Precision Recall F1-score
Support Vector Machine 0.90 0.90 0.88 0.89 0.83 0.83 0.83 0.83
é Logistic regression 0.84 0.83 0.78 0.79 0.75 0.74 0.74 0.75
% Decision Tree 0.83 0.81 0.81 0.81 0.72 0.72 0.72 0.72
E Random forest 0.95 0.96 0.93 0.94 0.91 0.92 0.91 0.91
E Multinomial Naive Bayes 0.78 0.83 0.68 0.67 0.73 0.73 0.73 0.73
E Complement Naive Bayes 0.81 0.81 0.75 0.76 0.72 0.73 0.72 0.72
é XGBoost 0.86 0.87 0.82 0.83 0.79 0.80 0.79 0.79
LightGBM 0.85 0.85 0.81 0.82 0.81 0.81 0.81 0.80
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