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ABSTRACT 

Personalized clothing recommendation is a challenging task due to the 
complex interactions among body morphology, individual preferences, and 
usage context. This study proposes a multi-output women’s clothing 
recommendation framework based on a Random Forest (RF) model, utilizing 
20 input features including anthropometric characteristics, demographic 
information, personal desires, consumption behavior, and contextual factors. 
Five clothing attributes are simultaneously predicted: silhouette, color group, 
fabric type, fit type, and garment length. Experimental results indicate 
moderate to good performance, with Accuracy ranging from 0.6339 to 0.8125 
and Balanced Accuracy from 0.6724 to 0.8607. Among these attributes, 
silhouette achieves the highest predictive accuracy (0.8125, Kappa = 0.7136). 
Apparel length and fabric type show satisfactory results, whereas color group 
and fit type are more difficult to predict due to their subjective nature. Overall, 
the findings confirm the potential of Random Forest for multi-attribute 
clothing recommendation systems that meet personalization requirements. 
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1. INTRODUCTION 

In the rapidly evolving context of e-commerce and 
artificial intelligence, personalized fashion 
recommendation systems have emerged as a significant 
research direction aimed at assisting users in selecting 
clothing that aligns with their preferences, body 
characteristics, and usage contexts. Recommendation 
systems represent an important application of artificial 
intelligence that leverage user data to generate 

personalized suggestions, thereby enhancing user 
experience and reducing the time required for decision-
making [1, 2]. Within the fashion domain, clothing 
recommendation research extends beyond simple 
product suggestions and requires a deeper 
understanding of aesthetic factors, body morphology, 
and usage purposes. This necessitates the integration of 
anthropometric data, individual preferences, and 
advanced machine learning algorithms [3]. 

Current fashion recommendation systems typically 
employ a variety of approaches, including collaborative 
filtering, hybrid models that combine visual information 
with product attributes, as well as deep learning 
networks for extracting image features and personal style 
representations [2]. Deep neural networks have been 
applied to outfit recommendation based on individual 
preferences [3]. Several models have been developed to 
incorporate semantic attributes in order to improve the 
interpretability of recommendations [4]. Furthermore, 
recent studies have utilized deep learning techniques to 
construct compatibility networks for personalized 
fashion recommendation [5]. Niveditha S. et al. 
developed a model employing deep learning (DL) and 
artificial intelligence techniques to recommend outfits 
that align with fashion trends and user preferences [6]. 
Meita P. P. S. et al. implemented a system based on 
BERT4Rec (Bidirectional Encoder Representations from 
Transformers for Sequential Recommendation) to 
provide personalized women’s clothing 
recommendations using users’ interaction sequences [7]. 
Harisu A. et al. proposed a hybrid and deep learning 
based fashion recommendation system with context-
awareness capabilities [8]. Navya et al. introduced a deep 
learning model for personalized fashion 
recommendation using an image based fashion product 
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dataset [9]. L. C. Wang et al. proposed a system designed 
to select the most suitable clothing design scheme for a 
specific consumer to achieve personalization [10]. B. 
Asiroglu et al. developed a clothing recommendation 
system based on a single user image without requiring 
prior shopping activity data [11]. R. Aoki et al. established 
a fashion style estimation model by enhancing an SVM-
based classifier on a small-scale dataset [12]. T. 
Yamamoto et al. proposed a fashion style recognition 
algorithm using component dependent convolutional 
neural networks; however, body posture was not 
considered in their approach [13]. S. Jaradat et al. 
introduced two novel techniques that integrate textual 
content from Instagram to support fashion image 
classification [14]. Y. Seo et al. applied a pre-trained 
convolutional neural network based on the GoogLeNet 
architecture on a small ImageNet dataset for clothing 
image classification [15]. Y. Li et al. proposed a machine 
learning system for automatic outfit matching but did not 
incorporate clothing usage context [16]. W. Y. Chen et al. 
presented an approach for fashion image retrieval based 
on shape features associated with eight facial types [17]. 

However, most existing studies rely mainly on 
commercial data or product images, with limited 
integration of anthropometric data, personal 
preferences, and clothing usage contexts in experimental 
settings. In addition, many models still show limited 
predictive accuracy [18]. This creates a research gap in 
developing fashion recommendation systems based on 
real user data, particularly within specific cultural 
contexts such as Vietnamese women. Meanwhile, 
machine learning methods have been increasingly 
applied in apparel and fashion research, demonstrating 
significant advantages [19-23]. Hybrid models combined 
with parameter optimization have improved 
performance in applications such as demand forecasting 
and fashion sales prediction [24-27], attribute selection 
[28, 29], and customer recommendation tasks involving 
multiple variables and nonlinear relationships [30]. 
Therefore, this study develops Random Forest models to 
build a personalized women’s clothing recommendation 
system based on individual characteristics, personal 
preferences, and usage context of Vietnamese women. 
Using survey data from 350 women together with expert 
labeled clothing recommendations, the study evaluates 
model performance in predicting key clothing attributes 
and provides empirical evidence of the effectiveness of 
Random Forest based approaches in apparel 
recommendation. 

2. METHODS 

This study adopts a quantitative research framework 
integrated with expert knowledge to develop a women’s 
clothing recommendation system based on personal 
characteristics, individual preferences, and clothing 
usage contexts. The research procedure consists of four 
main stages: (i) collecting survey data from the target 
participants; (ii) encoding and preprocessing input 
feature variables; (iii) determining suitable clothing 
attributes using 3 experts based approach; and (iv) 
constructing, training, and evaluating machine learning 
models for clothing recommendation. Data on individual 
characteristics, personal preferences, and contextual 
factors were treated as input variables, while the 
recommended clothing attributes, including overall 
silhouette, fit, length, color group, and fabric type, served 
as the five output variables. Accordingly, five Random 
Forest models were developed in parallel to compare 
their performance in personalized women’s clothing 
attribute recommendation. 

2.1. Participants and Survey Data 

The study participants consisted of 376 Vietnamese 
women aged between 18 and 60 years in Northern 
Vietnam, selected using a controlled convenience 
sampling approach to ensure diversity in age, 
occupation, educational level, and annual fashion 
expenditure. Data were collected through a structured 
questionnaire combining quantitative items and 
standardized scale-based questions. The survey 
information comprised: (i) anthropometric and body 
related characteristics; (ii) personal clothing styles and 
preferences; and (iii) clothing usage contexts. All 
collected data were validated, incomplete records were 
removed, and the dataset was standardized prior to 
subsequent analysis and model development. 

2.2. Encoding of Personal Anthropometric, Body 
Characteristics and Preferences Variables 

The anthropometric variables include age, height, 
weight, body mass index (BMI, defined as weight divided 
by the square of height), shoulder width (shoulder), and 
leg length (leg_length). Overall body shape (body_shape) 
is categorized into five groups, A-line, H-line, X-line, T-line, 
and O-line, and encoded as integer values from 1 to 5, 
respectively. Fashion spending (fashion_spending) is 
quantified as the annual amount (in million VND) that a 
participant spends on fashion products. User occupation 
is encoded as a categorical variable (occ), including 
student, worker, freelancer/office staff, teacher/manager, 
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and businessperson/artist, represented by integer values 
from 1 to 4. Personal clothing preferences are assessed 
using five criteria: perceived elegance (desire_elegant), 
comfort (desire_comfort), confidence (desire_confident), 
attention attraction (desire_attention), and youthfulness 
(desire_youthful), all measured on a five-point Likert scale. 
The use of Likert scales enables the quantification of 
subjective factors while facilitating machine learning 
models in learning the relationships between personal 
preferences and the recommended clothing attributes. 

2.3. Clothing Usage Context 
Clothing usage context is described through a set of 

variables, including season, time of day (time_day), and 
usage purpose (occasion). The season and time variables 
are encoded as categorical features, with Spring, Summer, 
Autumn, and Winter and Morning/Noon/Evening. Clothing 
usage purposes are expressed as binary variables, 
including work (occ_work), daily activities (occ_daily), 
party (occ_party), and formal occasions (occ_formal). This 
encoding scheme allows a single outfit to simultaneously 
accommodate multiple usage contexts. 

2.4. Expert-Based Clothing Recommendation 
Framework 

The output clothing attributes include overall 
silhouette, fit_type, length, color_group, and fabric_type. 
These attributes are determined using an expert based 
approach grounded in practical experience in women’s 
fashion design and styling consultation. The clothing 
recommendation framework is constructed through the 
integration of body characteristics, individual 
preferences, and usage contexts. For instance, individuals 
with X-line body shapes are typically recommended X-line 
silhouettes to emphasize natural curves; participants 
prioritizing comfort or exhibiting higher BMI values are 
advised to select garments with regular or loose fit; 
whereas those seeking prominence or attending evening 
events are often suggested warm color palettes and waist 
accentuating silhouettes. Fabric types are selected in 
accordance with seasonal conditions and comfort 
requirements. These recommendation rules are 
established by fashion experts and consistently applied 
across the entire dataset to generate output labels that 
are logical, stable, and reflective of real world fashion 
consulting practices. 

2.5. Design and Implementation of the Clothing 
Recommendation System 

The recommendation system was designed with five 
independent Random Forest models, each taking 20 

input features comprising anthropometric 
characteristics, body morphology, personal preferences, 
and clothing usage context. The outputs of the five 
models correspond to the five recommended clothing 
attributes: overall silhouette, color group, fabric type, fit 
type, and apparel length. 

Random Forest is an ensemble learning method that 
combines multiple decision trees to improve predictive 
accuracy and reduce overfitting. This model is particularly 
well suited for mixed datasets containing both 
continuous and categorical variables and additionally 
enables the assessment of input feature importance. For 
the multiclass clothing attribute recommendation task in 
this study, RF generated final predictions based on 
majority voting across all trees in the forest. The Random 
Forest optimization procedure was conducted as follows: 
(1) identification of key hyperparameters, including ntree 
(number of trees in the forest), mtry (number of variables 
randomly selected at each split), and nodesize or 
minimum tree depth; (2) hyperparameter tuning using k-
fold cross-validation on the training set, with the 
parameter combination achieving the highest Balanced 
Accuracy selected for the final RF model; and (3) training 
of the optimized Random Forest model on the training 
set and evaluation on an independent test set using 
Accuracy, Kappa, and Balanced Accuracy metrics [31]. 

After completing the dataset and defining the input 
and output variable sets, the models were established to 
evaluate the performance of the five recommendation 
models corresponding to the five clothing attributes: 
silhouette, color_group, fabric_type, fit_type, and length. 
The dataset comprising 376 samples is divided into two 
subsets: a training set accounting for 80% of the data and 
a test set comprising the remaining 20% and using 
createDataPartition function in R software. The data split 
is conducted randomly but in a controlled manner to 
maintain relatively balanced class distributions across 
both subsets. The training set is utilized for model 
construction and hyperparameter tuning, while the 
independent test set is used to assess the generalization 
performance of the models. Prior to training, continuous 
variables were normalized to a common scale to improve 
model convergence. Categorical variables were 
appropriately encoded using one-hot encoding or label 
encoding. Although normalization is not strictly required 
for Random Forest models, it was applied to ensure 
consistency across the data processing pipeline. Each 
model was trained independently for its corresponding 
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clothing attribute. The final recommendation results 
were aggregated and compared with expert-labeled 
ground truth in test set. 

To evaluate the effectiveness of the clothing 
recommendation models, this study employs primary 
metrics: Accuracy, Cohen’s Kappa coefficient and Balanced 
Accuracy. These metrics are selected to reflect not only 
the proportion of correct predictions but also the level of 
agreement between model outputs and expert 
recommendations. Accuracy is defined as the ratio of 
correctly predicted instances to the total number of 
samples in the test set. This metric indicates the overall 
predictive capability of the model in providing 
appropriate recommendations. However, in multiclass 
classification tasks with potentially slight class imbalance, 
Accuracy alone may not fully capture model quality. 
Therefore, Cohen’s Kappa coefficient is additionally 
utilized to measure the degree of agreement between 
model predictions and expert labeled outputs while 
accounting for agreement occurring by chance. Given the 
multiclass and imbalanced nature of the dataset, 
Balanced Accuracy was employed as the primary 
evaluation metric, as it equally weights class wise recall 
and avoids dominance of majority classes. Cohen’s Kappa 
was reported to assess agreement beyond chance, while 
overall accuracy was provided for reference. The 
combination of these metrics enables a comprehensive 
evaluation of model performance, ensuring both high 
predictive accuracy and effective learning of expert 
fashion knowledge. The best performing model is 
selected based on evaluation results on the test set, while 
also considering model stability and practical 
applicability within the personalized women’s clothing 
recommendation system. 

3. RESULTS AND DESCUSSIONS  

The performance metrics of the five Random Forest 
models for recommending women’s overall silhouette, 
color group, fabric type, fit type, and garment length in 
test set are presented in Table 1.  

Table 1. RF Model’s Performance for women clothing recommendation 

Model’s output Accuracy Kappa Balanced_accuracy 

Silhouette  0.8125 0.7136 0.8607 

Color_type 0.6339 0.4302 0.7080 

Fabric_type 0.7946 0.4009 0.6878 

Fit_type 0.7054 0.3285 0.6724 

Length  0.7297 0.4363 0.6973 

The results in Table 1 indicate that the Random Forest 
model achieves reasonably strong performance in the 
women’s outfit recommendation task, using 
anthropometric characteristics, personal preferences, 
and usage context as input variables, together with five 
garment related output attributes. Overall, Accuracy 
ranges from 0.6339 to 0.8125, while Balanced Accuracy 
lies between 0.6724 and 0.8607, reflecting relatively 
stable generalization capability on the unseen dataset. 

Among the output attributes, the RF model for 
silhouette achieves the best performance (Accuracy = 
0.8125, Kappa = 0.7136, Balanced Accuracy = 0.8607). The 
high Kappa value indicates strong agreement between 
model predictions and ground truth labels, well beyond 
chance. This suggests that anthropometric features and 
personal preferences (e.g., height, weight, BMI, and body 
shape) are closely associated with silhouette selection, and 
that Random Forest effectively captures nonlinear 
relationships and feature interactions in this task. These 
results confirm that silhouette is the most learnable 
attribute from personalized data and plays a foundational 
role in the outfit recommendation system. For fabric_type 
and length, the model achieves Accuracies of 0.7946 and 
0.7297, respectively, with Balanced Accuracy values of 
approximately 0.69 ÷ 0.70. Although Accuracy is relatively 
high, the moderate Kappa values (0.4009 and 0.4363) 
indicate the presence of class imbalance or feature overlap 
between groups (despite these being realistic attributes). 
This reflects the fact that fabric choice and garment length 
depend not only on anthropometric characteristics but are 
also strongly influenced by usage context, seasonality, and 
fashion trends factors that may not yet be fully represented 
in the current feature set. The two attributes color_type and 
fit_type yield lower performance, particularly in terms of 
Kappa (0.4302 and 0.3285, respectively). Although 
color_type attains a Balanced Accuracy of 0.7080, its 
Accuracy remains at 0.6339, indicating difficulties in 
discriminating color classes, which are highly subjective 
and strongly dependent on individual taste as well as 
cultural factors. Similarly, fit_type exhibits the lowest 
Balanced Accuracy (0.6724), reflecting the complexity of 
mapping body characteristics and user preferences to 
perceived “fit,” which is often shaped by wearing habits 
and personal experience. 

Overall, the experimental results demonstrate that 
Random Forest is a suitable approach for multioutput 
outfit recommendation systems, particularly for 
attributes closely tied to body morphology such as 
silhouette and length. However, performance remains 
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limited for highly perceptual and aesthetic attributes 
(color_group and fit_type). This suggests that future 
studies may benefit from incorporating additional 
psycho-aesthetic user features or integrating Random 
Forest with deep learning or hybrid models to better 
represent usage context and personal preferences. 
Furthermore, addressing class imbalance and expanding 
the dataset scale may further enhance the reliability and 
practical applicability of personalized fashion 
recommendation systems. 

 
(a)                                                            (b) 

 
(c)                                                                 (d) 

 
(e) 

Figure 1. Confusion matrices of the clothing silhouette (a), color_group (b), 
fabric_type (c), fit_type (d) and length (e) recommendation models on the 
test set 

Figure 1 presents the confusion matrices of the 
Random Forest models for five output attributes in the 
women’s outfit recommendation system: silhouette, 
color_group, fabric_type, fit_type, and length, evaluated 
on the test set. Overall, the models classify dominant 
classes more effectively but show greater difficulty with 
boundary or low sample classes, reflecting typical 
characteristics of real world personalized fashion data. 
For silhouette, class 2 is classified relatively well (36 correct 
predictions), while classes 1 and 3 show substantial 

confusion toward class 2, with 27 and 28 samples 
misclassified respectively. This indicates that the 
intermediate silhouette acts as a morphological “overlap 
zone,” where anthropometric features do not clearly 
separate extreme body types, consistent with practical 
garment classification. For color_group, confusion among 
the three groups is relatively high, especially between 
classes 1 and 3. Although class 3 achieves the highest 
correct predictions (36 samples), several samples from 
other classes are cross classified. This reflects the 
subjective nature of color recommendation, where 
similar anthropometric and preference profiles may 
correspond to multiple suitable color choices. For 
fabric_type (binary classification), the model correctly 
predicts most class 1 samples (76), while class 2 shows 
higher misclassification (13 predicted as class 1). This 
suggests a bias toward the dominant class and reflects 
the increasing functional overlap between woven and 
knitted fabrics. For fit_type, class 2 is strongly recognized 
(75 correct predictions), while the other classes are 
frequently assigned to the central class. This suggests 
that perceived “fit” is highly subjective, with most users 
concentrated around a medium fit level. For length, class 
2 again achieves the highest accuracy (62 samples), while 
classes 1 and 3 often shift toward the middle class. Similar 
to silhouette, medium length appears as a default option 
when anthropometric cues are insufficient. Overall, the 
models perform better for central classes and attributes 
closely linked to body morphology, but face challenges 
with boundary classes and perceptual attributes such as 
color and fit. These results suggest that anthropometric 
data are effective for recommending silhouette and 
length but insufficient for fully modeling color preference 
and perceived fit. Future research should integrate 
psycho-aesthetic factors and class imbalance handling or 
hybrid models to improve minority class discrimination 
and enhance personalization. 

Figure 2 presents the top 15 input features ranked by 
Mean Decrease Gini from the Random Forest models for 
silhouette and color_group, revealing different governing 
factors for each attribute and reflecting the 
multidimensional nature of personalized fashion 
recommendation. For silhouette, body morphology 
features dominate. body_shape_X and body_shape_H are 
the most influential variables, indicating that body shape is 
the primary determinant of silhouette selection. Variables 
related to body size and proportion, including BMI, weight, 
shoulder, leg_length, and height, also contribute 
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substantially. This aligns with garment design theory, 
where silhouette is largely determined by body structure 
and anthropometric proportions. Demographic (age) and 
consumption related (fashion_spending) variables also 
appear among the important features, suggesting that 
silhouette choice is influenced not only by body geometry 
but also by life stage and fashion investment. In contrast, 
preference variables such as desire_youthful, 
desire_confident, and desire_elegant contribute less, 
indicating that silhouette functions mainly as a structural 
attribute rather than a perceptual one. For color_group, 
contextual and preference variables are more prominent. 
season_Winter is the most influential feature, highlighting 
the role of seasonality in color selection. season_Spring and 
anthropometric variables (BMI, weight, age, height) also 
contribute, suggesting that color choice depends on both 
usage context and visual perception of body proportions. 
Preference variables including desire_attention, 
desire_youthful, desire_elegant, and desire_comfort, 
together with usage context variables (occ_party, 
occ_daily), further demonstrate the subjective and 
expressive nature of color decisions. Comparatively, 
silhouette is primarily determined by body morphology, 
whereas color_group is more strongly influenced by 
contextual factors and personal preferences. This explains 
the higher predictive accuracy observed for silhouette. 
These findings suggest that silhouette recommendation 
should prioritize accurate anthropometric data, while 
color_group recommendation should emphasize seasonal 
information, usage context, and users’ expressive 
intentions. Future research may integrate explainability 
methods and additional psycho aesthetic variables to 
improve the modeling of color preference and enhance 
personalization. 

 

 
Figure 2. Input feature importance for silhouette and color_group on the 

test set using RF models 

  

 
Figure 3. Input feature importance for fabric_type and fit_type on the 

test set using RF models 

The top 15 input features ranked by Mean Decrease 
Gini from the Random Forest models for fabric_type and 
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fit_type, revealing different decision mechanisms while 
highlighting the roles of anthropometric characteristics, 
consumption behavior, and individual preferences (Figure 
3). For fabric_type, age is the most influential variable, 
indicating its central role in fabric selection. This reflects 
differences across age groups in comfort perception, 
trend acceptance, and functional priorities. Body 
morphology variables such as shoulder, BMI, leg_length, 
height, and weight also appear prominently, suggesting 
that fabric choice is closely related to drape, fit, and the 
ability to conceal body imperfections. fashion_spending 
also shows notable influence, implying that purchasing 
power affects access to different fabric categories. 
Preference variables (desire_elegant, desire_attention, 
desire_comfort) further indicate a balance between 
aesthetics and comfort, while contextual variables such as 
time_day_Morning and season_Summer suggest that 
temporal and seasonal conditions influence fabric 
selection. For fit_type, anthropometric characteristics 
dominate. body_shape_O and BMI are the most influential 
variables, indicating that body shape and body mass 
index strongly affect perceived garment fit. Age and 
weight also contribute, reflecting age-related changes in 
body form and dressing expectations. The contextual 
variable occ_X2 shows noticeable influence, suggesting 
that fit requirements depend on usage purposes such as 
work or social activities. Preference variables including 
desire_attention and desire_youthful indicate that fit 
functions not only as a sizing parameter but also as a 
means of self presentation. Compared with silhouette, fit 
related features are more dispersed, reflecting the 
multidimensional and subjective nature of fit. 
Comparatively, fabric_type is influenced by age, body 
morphology, and spending behavior, whereas fit_type 
depends more on body shape, BMI, and usage context, 
moderated by self expression preferences. This aligns with 
earlier evaluation results where fit_type showed lower 
Kappa values than fabric_type, indicating greater difficulty 
in learning perceptually defined boundaries. These 
findings suggest that fabric recommendation should 
prioritize age, body morphology, and spending data, 
while fit recommendation requires detailed body shape 
information combined with usage context and desired 
personal image. Future studies may incorporate post wear 
feedback and advanced explainability methods to better 
capture the notion of fit and improve personalization in 
intelligent clothing recommendation systems. 

The top 15 features ranked by Mean Decrease Gini for 
clothing length, showing that garment length is jointly 

influenced by demographic factors, body morphology, 
consumption behavior, and individual preferences 
(Figure 4). 

 
Figure 4. Input feature importance for clothing length on the test set using 

RF model 

Age emerges as the most influential variable, 
highlighting its central role in clothing length preference. 
This result aligns with practice, as different age groups 
often exhibit distinct aesthetic norms and acceptance 
levels regarding garment length. Weight and 
fashion_spending follow in importance, indicating that 
both body characteristics and purchasing power affect 
length decisions through perceived body proportions 
and access to diverse styles. Anthropometric variables 
such as BMI, shoulder, height, body_shape_O, and 
leg_length are also prominent, suggesting that clothing 
length is closely associated with overall body 
proportions, particularly the relationship between upper 
body structure and leg length. This observation is 
consistent with established garment design principles, 
where length is adjusted to achieve visual balance and 
improve perceived proportions. Preferenc related 
variables, including desire_youthful, desire_attention, 
desire_elegant, and desire_comfort, further indicate that 
clothing length functions as a form of self expression 
rather than merely a sizing parameter. Contextual factors 
such as season_Summer and occ_X2, occ_X3 also 
contribute, reflecting the influence of seasonal 
conditions and occupational environments on clothing 
choices. Compared with other attributes (silhouette, 
color_group, fabric_type, and fit_type), length plays an 
intermediate role between body morphology and 
aesthetic perception. This is consistent with earlier 
evaluation results showing moderate to good accuracy 
but some confusion at boundary classes due to natural 
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overlaps between length categories. These findings 
suggest that recommendation systems should prioritize 
accurate age and anthropometric data while 
incorporating style preferences and usage contexts to 
improve personalization. 

4. CONCLUSIONS 

This study successfully developed a women’s clothing 
recommendation system based on a Random Forest 
model using 20 input features and five output attributes, 
including silhouette, color_group, fabric_type, fit_type, and 
length. Experimental results on the test set indicate that 
the model achieved moderate to good performance 
(Accuracy: 0.6339÷0.8125; Balanced Accuracy: 
0.6724÷0.8607), with silhouette exhibiting the highest 
predictive accuracy, reflecting the strong relationship 
between body morphology and overall garment style. 

Analysis of the confusion matrices and feature 
importance revealed that silhouette and length are 
primarily driven by anthropometric factors, whereas 
color_group, fabric_type, and fit_type depend more 
strongly on usage context and individual preferences. 
These findings confirm the central role of morphological 
data in silhouette recommendation while highlighting 
the necessity of integrating contextual and aesthetic 
information to enhance personalization. Overall, Random 
Forest demonstrates clear potential for practical multi-
attribute clothing recommendation systems. 

5. RESEARCH LIMITATION  

The study still has several limitations. Class imbalance, 
although inherent to the problem, led the model to favor 
central classes and reduced prediction accuracy for 
boundary classes, particularly for fit_type and length. 
Attributes with strong perceptual subjectivity, such as 
color_group and fit_type, achieved only moderate Kappa 
values, indicating that the current feature set does not 
fully capture aesthetic factors and individual experiential 
preferences, and the proposed approach has been 
validated on a single dataset. In future work, expanding 
the dataset, incorporating psychological–aesthetic 
features, and integrating deep learning or hybrid 
modeling approaches are expected to further improve 
predictive performance and the level of personalization 
of the system. 

 

REFERENCES 

[1]. Ilham Kachbal, Said El Abdellaoui, “Computer Vision for Fashion: A 
Systematic Review of Design Generation, Simulation, and Personalized 

Recommendations,” Information, 17(1):11, 2025. 
DOI: 10.3390/info17010011, License CC BY 4.0 

[2]. Angel Arul Jothi, Razia Sulthana, “A Review on the Literature of 
Fashion Recommender System using Deep Learning,” Int J Performability 
Eng,  17, 8: 695-702, 2021. doi: 10.23940/ijpe.21.08.p5.695702 

[3]. Tong He, Yang Hu, “FashionNet: Personalized Outfit 
Recommendation with Deep Neural Network,” arXiv:1810.02443 [cs.CV]. 
https://doi.org/10.48550/arXiv.1810.02443 

[4]. Min Hou, Le Wu, Enhong Chen, Zhi Li, Vincent W. Zheng, Qi Liu, 
“Explainable Fashion Recommendation: A Semantic Attribute Region Guided 
Approach,” in Proceedings of the Twenty-Eighth International Joint Conference 
on Artificial Intelligence (IJCAI-19), 2019. 

[5]. Lingala Sivaranjani, Sandeep Kumar Rachamadugu, B.V. Suresh 
Reddy, Sivakumar Depuru, “Fashion Recommendation System Using Machine 
Learning,” in Conference: 4th International Conference on Smart Electronics and 
Communication (ICOSEC), 2023. DOI: 10.1109/ICOSEC58147.2023.10275967 

[6]. S. Niveditha, R. Subha, M. Selvadass, “AI-Based Fashion 
Recommendations Aligned with Current Trends from Sketch to Style,” SN 
Computer Science, 2026. https://doi.org/10.1007/s42979-025-04631-9 

[7]. Meita Putri Puspita Sari, Abd Hadi, “Women’s Outfit 
Recommendation System for Fashion Product Personalization Using the 
BERT4Rec Method,” ICoBITS, 1:322-331, 2026. DOI: 10.32664/icobits.v1.40, 
License CC BY-SA 4.0 

[8]. Harisu Aliyu, Abdulamalik Abdulsalam, Jamilu Musa, Abdullahi Lawal 
Rukuna, et al., “Machine Learning for Personalized Fashion Recommendation 
Systems: A Review,” International Journal of Innovative Science and Research 
Technology, 2026. DOI: 10.38124/ijisrt/25dec1676 

[9]. Navya Vattikonda, Anuj Gupta, Achuth Polu, Hari Hara Sudheer 
Patchipulusu, “Leveraging Deep Learning for Personalized Fashion 
Recommendations Using Fashion MNIST,” International Journal of Emerging 
Trends in Computer Science and Information Technology, 6(2):36-46, 2025. 
DOI: 10.63282/3050-9246.IJETCSIT-V6I2P105  

[10]. L. C. Wang, X. Y. Zeng, L. Koehl, Y. Chen, “Intelligent fashion 
recommender system: Fuzzy logic in personalized garment design,” IEEE 
Trans. Human-Machine Syst., 2015. doi: 10.1109/THMS.2014.2364398 

[11]. B. Asiroglu, M. I. Atalay, A. Balkaya, E. Tuzunkan, M. Dagtekin, T. 
Ensari, “Smart Clothing Recommendation System with Deep Learning,” in 
3rd International Symposium on Multidisciplinary Studies and Innovative 
Technologies, ISMSIT 2019, 2019. doi:10.1109/ISMSIT.2019.8932738 

[12]. R. Aoki, T. Nakajima, T. Oki, R. Miyamoto, “Accuracy improvement of 
fashion style estimation with attention control of a classifier,” in IEEE 
International Conference on Consumer Electronics - Berlin, ICCE-Berlin, 2019. 
doi: 10.1109/ICCEBerlin47944.2019.8966159. 

[13]. T. Yamamoto, A. Nakazawa, “Fashion Style Recognition Using 
Component-Dependent Convolutional Neural Networks,” in Proceedings of 
International Conference on Image Processing, ICIP, 2019. doi: 
10.1109/ICIP.2019.8803622 



 SCIENCE - TECHNOLOGY                                                                                              https://jst-haui.vn 

   HaUI Journal of Science and Technology                                                                               Vol. 62 - No. 5 (May 2026) 264

 P-ISSN 1859-3585     E-ISSN 2615-9619 

[14]. S. Jaradat, N. Dokoohaki, K. Hammar, U. Wara, M. Matskin, “Dynamic 
CNN models for fashion recommendation in Instagram,” in Proceedings of 16th 
IEEE International Symposium on Parallel and Distributed Processing with 
Applications, 17th IEEE International Conference on Ubiquitous Computing and 
Communications, 8th IEEE International Conference on Big Data and Cloud 
Computing, 11th IEEE International Conference on 
Social Computing and Networking and 8th IEEE International Conference on 
Sustainable Computing and Communications, 
ISPA/IUCC/BDCloud/SocialCom/SustainCom 2018, 2018. doi: 
10.1109/BDCloud.2018.00169 

[15]. Y. Seo, K. S. Shin, “Image classification of finegrained fashion image 
based on style using pretrained convolutional neural network,” in IEEE 3rd 
International Conference on Big Data Analysis, ICBDA 2018, 2018. doi: 
10.1109/ICBDA.2018.8367713 

[16]. Y. Li, L. Cao, J. Zhu, J. Luo, “Mining fashion outfit composition using an 
end-to-end deep learning approach on set data,” IEEE Trans. Multimed., 2017. doi: 
10.1109/TMM.2017.2690144 

[17]. W. Y. Chen, J. L. Chen, L. G. Chen, “On-thefly fashion photograph 
recommendation system with robust face shape features,” in Digest of 
Technical Papers - IEEE International Conference on Consumer Electronics, 2014. 
doi:10.1109/ICCE.2014.6776105 

[18]. Samit Chakraborty, et al., “Fashion Recommendation Systems, 
Models and Methods: A Review,” Informatics , 8(3), 49, 2021. 
https://doi.org/10.3390/informatics8030049 

[19]. Han Xiao, Kashif Rasul, Roland Vollgraf, “Fashion-MNIST: a Novel Image 
Dataset for Benchmarking Machine Learning Algorithms,” arXiv:1708.07747, 2017. 
https://doi.org/10.48550/arXiv.1708.07747 

[20]. Nguyen T. L., Nguyen T. M. H., “Study on consumption features of 
womens’s office fashion in Hanoi city,” Journal of Science and Technology - 
Hanoi University of Industry, 55, 2019. 

[21]. Nguyen T. L., Duong T. H., “Expense of fashion products of 30-55 
years old women in Hanoi,” Journal of Science and Technology  Hanoi University 
of Industry, 59(5), 111–115, 2023, 
https://doi.org/10.57001/huih5804.2023.178 

[22]. Nguyen Thi Le, Le Thi Hoai Thu, “Research on the clustering of 
customers consuming domestic fashion products of garment company,” 
Journal of Science and Technology - Hanoi University of Industry, 61(01), 91-96, 
2025,  https://doi.org/10.57001/huih5804.2025.020 

[23]. Nguyen Thi Le, Le Thi Lanh, Nguyen Thi Thuy Linh, Nguyen Thi Anh 
Ngoc, Tran Thi Anh, Tran Thi Quynh Trang, Tran Quang Tri, “Prediction of 
Women’s Fashion Product Expense in Hanoi City Using Artificial Neural 
Network,” JST: Engineering and Technology for Sustainable Development, 33, 3, 
018-025, 2023. https://doi.org/10.51316/jst.167.etsd.2023.33.3.3 

[24]. L. Sztandera, C. Frank, B. Vemulapali, “Prediction of women’s apparel 
sales using soft computing methods,” Lect Notes Artif Intell, 3215: 506-512, 
2004. https://doi.org/10.1007/978-3-540-30134-9_68 

[25]. S. Thomassey, A. Fiordaliso, “A hybrid sales forecasting system based 
on clustering and decision trees,” Decis Support Syst, 42: 408-421, 2006. 
https://doi.org/10.1016/j.dss.2005.01.008 

[26]. Z. Sun, T. Choi, K. Au, Y. Yu, “Sales forecasting using extreme learning 
machine with applications in fashion retailing,” Decis Support Syst, 46: 411-
419, 2008. https://doi.org/10.1016/j.dss.2008.07.009 

[27]. A. Aksoy, N. Öztürk, E. Sucky, “Demand forecasting for apparel 
manufacturers by using neuro-fuzzy techniques,” Journal of Modelling in 
Management, 9 1, 18-35, 2014. https://doi.org/10.1108/JM2-10-2011-0045 

[28]. Nguyen Thi Le, Luu Thi Hong Nhung, Nguyen Nhat Trinh, “Extraction 
of characteristic breast dimensions of North Vietnamese girl-students using 
Random Forests Algorithm,” Intelligent Systems and Networks. Lecture Notes in 
Networks and Systems, Springer, Singapore, 471, 2022. 
https://doi.org/10.1007/978-981-19-3394-3_25. 

[29]. Nguyen Thi Le, Tran Thi Thanh Tu, Nguyen Nhat Trinh, “Effects of 
Certain Factors on Individual Fashion Style,” JST: Engineering and Technology 
for Sustainable Development, 36, 36, 001-009, 2026. 

[30]. Ricci F., Rokach L., Shapira B., Recommender systems: Techniques, 
applications, and challenges. Recommender Systems Handbook, Springer US, 
2022. 

[31]. Brett Lantz, Machine Learning with R. PACKT Publishing, 2013. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 




