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ABSTRACT ARTICLE HISTORY
The COVID-19 pandemic led to a surge in facial mask usage. Received 14 March 2023
Analyzing customer feedback is crucial for enhancing this product, Revised 6 September 2024
given the abundance of options and online reviews available. Accepted 29 September 2024
Techniques like Latent Dirichlet Allocation (LDA) combined with

machine learning (ML) models help identify product attributes and

their impact on reviews. However, successful models frequently

employ black-box techniques that fail to explain how product

attributes impact customer satisfaction. To address this,

Explainable Artificial Intelligence (XAl) combined with advanced

ML methods is suggested to create interpretable models. This

paper evaluates the usefulness of combining LDA for topic model-

ing, Gradient Boost trees (GBT) for ML, and SHapley Additive

exPlanations (SHAP) to develop an interpretable model for face

mask attribute impact on online ratings. Analyzing 2,047 reviews of

35 mask products revealed seven key attributes. Labeling and nose-

strap significantly influenced evaluations, while shopping experi-

ence, and packaging, filtering level, and fit were less impactful. This

research supports the use of topic modeling combined with

advanced ML techniques and XAl in analyzing online customer

reviews to offer a time- and cost-effective method. It aids in under-

standing product attributes influencing satisfaction for product

design and improvement, especially in the dynamic context of

face mask preferences and purchasing decisions.

Introduction

The increase in demand for facial masks due to the COVID-19 pandemic has
accelerated the development and launching of new models into the market,
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reflected in the increase in published papers and research on this product (Al-
Rammahi 2022; Bakhit et al. 2021; Li et al. 2021). Published works has focused
on protective aspects of masks (e.g., filtration efficiency and materials) (Chua
et al. 2020; Tcharkhtchi et al. 2021), durability (Chen et al. 2022; Howard et al.
2021; Varanges et al. 2022), fit (O'Kelly et al. 2021) and life cycle, cleaning, and
comfort (Chua et al. 2020).

During the COVID-19 pandemic, millions of people wore different types of
facial masks (e.g., ffp2 and kn95) in various contexts. Studies highlight some
harms of wearing masks, such as irritation (Bakhit et al. 2021; Scheid et al.
2020; Tasic-Kostov et al. 2022), discomfort (Bakhit et al. 2021), subjective
breathing difficulties (Bakhit et al. 2021; Scheid et al. 2020), skin rashes (Bakhit
et al. 2021), difficulty in communication (Shack et al. 2020), or headache with
prolonged mask use (Bakhit et al. 2021; Scheid et al. 2020). These adverse
effects may have reduced the acceptability, adherence and effectiveness of
masks (Bakhit et al. 2021) and influenced consumer choices, which are
determined by how people think and feel about a product (Imtiaz and Ben
Islam 2020). Hence, methods and designs to mitigate the disadvantages of face
mask use based on human reasoning and evaluation should be addressed in
current research. Identification of user needs, preferences, and requirements
could be helpful in this regard.

Traditional methods, such as focus groups, surveys, or interviews, have been
used for this purpose. These methods study the user experience by creating
different scenarios, such as tasks and usage environments, in which the user
interacts with the product. That is one of the reasons they are considered costly
and time-consuming (Chua et al. 2020). Therefore, there is a growing interest in
using online reviews to lessen the time and cost of this step in the product and
service development process (Chua et al. 2020; Dash, Zhang, and Zhou 2021;
Fernandes et al. 2022; Fernando and Aw 2023; Imtiaz and Ben Islam 2020; Li et al.
2020; Noori 2021; Rathore and Ilavarasan 2020Nasiri and Shokouhyar 2021;
Sharma and Shafiq 2022; Son and Kim 2023; Suryadi and Kim 2018, 2019). In
this sense, several authors have stated that customers” online reviews can be seen
as the result of a large-scale experiment involving physical interaction between
people and products (Son and Kim 2023; Tuarob and Tucker 2015) in terms of
traits related to usage context or product features that will considerably affect the
way customers feel about products. Analyzing online reviews will then help
improve facial masks and develop better products. Today, there is a general
consensus that online reviews contain valuable information about customers’
evaluation of the attributes of products, services, and experiences, which can be
used to assess customers’ requirements, needs, preferences, product defects, and
important attributes (Berezina et al. 2016; Joung and Kim 2021; Kumar, Dwivedi,
and Anand 2021; Li, Li, and Kim 2023; Neumann et al. 2019; Qiao et al. 2017;
Shirdastian, Laroche, and Richard 2019; Trisna and Jie 2022; Xu 2019; Zhang et al.
2021). Some examples include vehicles (Sun et al. 2020), bikes (Chua et al. 2020),
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smartphones (Joung and Kim 2021), mobile phones (Trappey et al. 2016; Yang
et al. 2019), and smartphones and automobiles (Tuarob and Tucker 2015).

To identify product features and attributes, published works employed
a combination of text-mining tools of online reviews and statistical techniques.
The most common tools are topic analysis methods, such as Latent Semantic
Analysis (LSA) (Xu and Li 2016) and Latent Dirichlet Allocation (LDA). LDA
is a machine-learning-generative statistical model that outputs a vector repre-
sentation of the probability of words in a topic (Deshpande and Rokne 2018;
Suryadi and Kim 2019).

In parallel, the relative importance of identified features or attributes
indicates the weight people give them when making a purchase decision.
This is usually assessed by analyzing their influence on customer satisfaction,
sales ranking, overall assessment, sentiment, and other measures of product
performance (Chua et al. 2020; Noori 2021; Qiao et al. 2017). Machine
learning (ML) and deep learning (DL) methods have been used for this
purpose. However, the highest accuracy for large datasets, such as those
obtained from online reviews, is often achieved by complex black-box like
models, such as ensemble gradient boosting trees (GBT) and ensemble or DL
models (Joung and Kim 2021; So 2020). These models are difficult to interpret,
e.g., when determining the influence of product attributes identified from
online customer reviews. Therefore, there is a need to explore alternative
methods.

Today, this is a general concern in Artificial Intelligence. As an option,
Explainable Artificial Intelligence (XAI) is a field of research that aims to
overcome this problem (Joung and Kim 2021; So 2020). Various methods have
been developed to interpret the predictions of complex models and explain
them to humans in an understandable way (Murdoch et al. 2019). SHapley
Additive exPlanations (SHAP) (Joung and Kim 2021; Lundberg and Lee 2017;
Lundberg et al. 2018) is one of the most widely used. SHAP issues how feature
affects (negatively or positively) the outcomes of a model. It is a method to
explain individual predictions based on the game’s theoretically optimal
Shapley values. The “game” is the prediction task for a single dataset instance.
The “gain” is the actual prediction for that instance minus the average pre-
diction for all instances. The method explains a prediction by assuming that
each feature value of the instance is a “player” and that they all combine to
make the prediction, which is the profit. Each feature value receives a payoff
from this contribution based on Shapley values. Thus, it operates between
feature values and outputs only.

In this line, Joung and Kim (2021) combined LDA to detect product
attributes from online reviews with aspect-based sentiment analysis (ABSA)
(which estimates the polarity [positive, negative or neutral] of comments) to
determine the importance of the identified attributes. They evaluated the
impact of the sentiments of each product attribute on the overall rating via
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an explainable, deep neural network applying Shap on a rather large dataset of
33,379 cell phones reviews. Their results outperformed previous sentiment
analyses and neural network-based methods. However, no publications have
used applications combining XAI and ML classification methods like, for
example, XGB, to establish the importance of product attributes in online
reviews.

In view of the above, considering the possibilities offered by the SHAP
method and the feasibility of online reviews and that, to the best of our
knowledge, no previous research has applied topic analysis on face masks’
online reviews, the following research questions were formulated:

RQ1: Can SHAP values be used to explain models developed with advanced
black-box classification ML techniques to determine the influence of mask
attributes on overall customer ratings in online reviews?

Consequently, such a model could be applied to answer the following research
question in relation to mask innovation:

RQ2: Which mask attributes influence customer ratings in online reviews?

Therefore, the present study aimed to apply Explainable Artificial Intelligence
(SHAP) to identify attributes and features of face masks from online customer
reviews and their relevance to purchase decision-making to guide product
improvement.

Materials and Methods

This study was conducted in August 2021. To prevent transmission of
COVID-19 via droplets, it was recommended to use masks with a filtration
efficiency of at least 95% for particles with a diameter of 0.3 microns or larger,
as they are the most effective protection against airborne pathogens (Dugdale
and Walensky 2020). The specialized filtering masks ffp2 and kn95 were the
masks with the highest level of protection available to the general population at
that time. Hence, we decided to focus on them.

The present paper follows a semiautomatic process (Figure 1) to chronolo-
gically capture online reviews, text-mine them, and statistically analyze the
resulting data.

TEXT MINING
DATA s ANALYSIS ML MODELLING EXPLAINABLE Al (XAl)
ACQUISION " p,&pmissi,,g « Topic modelling (LDA) < GBT * SHAP

* Advanced processing

Figure 1. Diagram of the process followed. LDA: Latent Dirichlet Allocation; GBT: Gradient Boost
trees; Al: Artificial Intelligence; SHAP: SHapley Additive exPlanations.
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To identify customers” perceptions of the features of the ffp2 and kn95
masks and their relevance to the general rating, online reviews were
manually captured from Amazon webpages (Amazon.com, Inc., Seattle,
Washington, United States). Only comments written in Spanish were
collected. The data registered included the following information: (1)
model of the mask, (2) type (kn95 or ffp2), (3) comment, (4) price, (5)
number of units included in the price, and (6) customers’ opinions,
reflected by the 5-star rating scale (the more the stars selected, the better
the opinion).

A text-mining process was then carried out, which is summarized in
Table 1. The set of words derived from this process forms the dictionary for
the reviews.

Identification of Attributes Using LDA

LDA analysis was applied to identify latent topics. It was carried out using the
Gensim module in Python (Python Software Foundation) in a Jupyter note-
book within an Anaconda environment. The following criteria were used to
determine the number of topics to be extracted:

e Coherence was computed for an increasing number of topics from 3 to 25.
The influence of the model’s hyperparameters, alpha and beta, related to
the words’™ density in a text and the set of texts, respectively, was also
assessed. The model’s coherence refers to how different the words are in
each topic. The more different they are, the more coherent the model is.
Coherence was measured by the metric C_V. This metric results from
applying a sliding window and a segmentation of the main words in a set,
as well as an indirect confirmation based on the normalized pointwise
mutual information (NPMI) and cosine similarity criteria. In the litera-
ture, this value is around 60%-70% (Lundberg et al. 2018; Qiao et al.
2017).

e Low overlap, measured by the distance between topics in the model.
Greater distance indicates lower overlap, which is preferable. We utilized
the Jacckard distance to quantify this overlap. The Jacckard distance
measures dissimilarity between sample sets, representing the ratio of non-
overlapping words to the total number of words in both topics.
Specifically, for two topics t1 and t2, the Jacckard distance (J) is computed
as:

d_J (t1, t2) =(|t1 U t2| - | t1 N t2])/(tl U t2)

Here, |t1 U t2| stands for all the words that result from merging both
topics, and | t1 N t2| refers to words that are in both topics.

To visually assess overlap, we utilized a distance heatmap, a graphical
representation of data where individual values in a matrix are depicted as
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colors. In our case, the heatmap illustrates the distance between topics
matrix, generated using the heatmap function from the seaborn Python
library.

e Interpretability of topics. LDA assigns a weight to each word for each
topic and determines the contribution of each topic to each definition.
Topics are interpreted by analyzing words with higher contributions to
them, as well as definitions in which a given topic has a high weight
(Kapadia et al. 2020).

Finally, the texts were represented as a vector, noting each topic
contribution.

Relevance of Product Attributes in Customer Ratings

The relevance of the identified topics in the stars ranking was assessed using
a GBT model. For this purpose, each rating was categorized as follows: 1 for
scores higher than 3 stars (4 or 5) and 0 for the rest. This approach was used
since this research aimed to investigate the impact of various attributes on the
likelihood of the masks receiving less than 4 stars rather than achieving
a specific value. The analysis was performed via Python software (Python
Software Foundation) using the Gradient Boosting Classifier from scikit
learn (Bentéjac, Csorgd, and Martinez-Mufoz 2021), with the identified topics
as predictors and the categorical ranking as the target.

GBT is an assembling method that performs classification by combining the
outputs of individual trees. It combines many decision trees to reduce the risk
of overfitting each individual tree. This process applies boosting, combining
simple decision trees (weak learners) to improve against a loss function
(Hastie, Tibshirani, and Friedman 2009). In this case, deviance (= logistic
regression) is used with probabilistic outputs for classification.

In this study, the following hyperparameters were optimized using cross-
validation, with a random sample split into 60% of cases for training and 40%
for testing:

(1) N_estimators (trees): This is a critical hyperparameter, as the risk of
overfitting increases with the number of trees.

(2) Learning rate: This controls how fast the model learns and the risk of
falling into overfitting. The lower it is, the more trees are needed to get
good results, but the lower the risk of overfitting becomes.

(3) The max depth of trees in the model marks how much a single tree can
learn. It tends to be low.

A common recommendation is to keep the learning rate low and increase the
number of trees. A grid search was used to find the best combination of
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parameters with respect to root mean squared error (rmse) and accuracy with
cross-validation.

(1) Initial N_estimators = 20, 100, 500, and 1000 trees.
(2) Learning rate = 0.001, 0.01, 0.05, 0.075, 0.1, 0.25, 0.5, 0.75, and 1.
(3) Max depth =None, 1, 3, 5, 10 and 20.

The performance of the resulting model is evaluated in terms of computing
accuracy, log loss, and rmse with 50-fold cross-validation. While accuracy
measures the percentage of correct predictions (correct/incorrect), log_loss
provides a more nuanced insight into the performance of the model. It takes
into account the predicted probability (p, ranging from 0 to 1) of belonging to
one class (or the other, 1-p) and measures the difference between the predicted
probability and the actual outcomes. The log_loss function is defined as
follows: log(p), where p is the probability attributed to the real class. Finally,
the precision-recall curve for unbalanced samples is obtained. If the model
performs better on the training set than on the test set, the model is likely
overfitting.

Precision-recall curves summarize the trade-off between Precision, which is
the number of true positives divided by the sum of the true positives and false
positives, and Recall, which is the number of true positives divided by the sum
of the true positives and the false negatives. They are particularly useful for
imbalanced datasets (Saito, Rehmsmeier, and Brock 2015). A no-skill classifier
is represented as a horizontal line with a positive-case-ratio value in the
dataset. A model with perfect skill is illustrated as a point at (1,1).
A proficient model is demonstrated by a curve that bends toward (1,1)
above the no-skill flat line.

Explainable Artificial Intelligence (XAl): SHAP

The influence of predictors is measured via several GBT metrics and the Shap
Library:

e Permutation_importance. This permutation method randomly shuffles
each feature and computes the change in model performance. The fea-
tures with the greatest impact on performance are the most important.

e Increase in nodes purity. This method computes the average increase in
overall node purity for each tree in the model due to the topic. Purity is
measured by the decrease in the metric used to decide node splitting (in
this case, the Gini index).

e SHAP package. This is model-agnostic and uses the Shapley values from
game theory to estimate how each feature contributes to the prediction.
Given the current set of feature values, the contribution of a feature value



APPLIED ARTIFICIAL INTELLIGENCE . €2411780-9

to the difference between the actual prediction and the mean prediction
reflects the estimated Shap value. We obtained shap_values to measure
the importance of features and plots (summary and force plots) to under-
stand how each feature influences the predictions. The SHAP values
assign an importance value to each feature in a model. Features with
positive SHAP values positively impact the prediction, while those with
negative values have a negative impact. The magnitude is a measure of
how strong the effect is.

Results

A total of 2,047 reviews were collected, from which, after text mining, 97 words
with a frequency over 1.5% and under 30% were stored for further analysis.
The collected reviews concerned 35 mask products. The distribution of the
comments collected per product was imbalanced. The mode was 41 com-
ments, while some models had more than 60 (maximum = 443), and others
had fewer than 20 (minimum =10). On average, each product had 58.5
comments (SD = 73.7).

Figure 2 shows the frequency distribution for the top 20 words. Strap,
quality, comfort, and ffp2 appeared in more than 15% of the reviews.
Nevertheless, this ranking allowed us to identify the aspects people bring up
about face masks: quality, comfort, price, size, color, type, certification, fit, and
presentation of the product (parcel and package), and other elements, such as
the strap.

Concerning star rankings, Figure 3 shows that the sample was not balanced,
as there were far more reviews with 4 or 5 stars (1547/2047) compared to those
with less than 4 stars (500/2047).
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Figure 2. Frequency distribution of top 20 words identified in the reviews.
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Figure 3. Distribution of stars (1 = 5-4 stars; 0 = 1-3 stars).

Topics

The results of the LDA coherence analysis (Figure 4) showed an elbow at
around 65% for seven topics and then a steady increase to a peak of coherence
of around 67% for 11 topics. After analyzing the overlap and interpretability,
a solution with seven topics was chosen. Optimization allowed the hyperpara-
meter alpha to be fixed at 0.5 and beta at 0.1.

Figure 5 shows the distance matrix for a model with seven topics. The
distance between any pair of topics was greater than 0.5, indicating little
overlap.

0.65

0.60

0.55

Coherence

0.45 /
0.40 /

34567 891011121314151617181920212223 24
No. of topics

Figure 4. Coherence (C_V parameter) as a function of the number of topics in the LDA model.
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Figure 5. Distance matrix for seven topics of the LDA model.

Table 2 shows the resulting topics named after the most relevant words,
with Topics 1 and 7 presenting the largest (17.8%) and smallest (11.2%)
percentages of tokens, respectively.

Relationship Between Topics and Star Ranking

The results of the optimization for GBT yielded the following best hyperpara-
meters: 500 estimators, learning_rate of 0.01, max_depth: None, max_features:
auto for a rmse of 0.4803. This is less than 0.5, which is acceptable. Utilizing 20
splits, cross-validation for the best model obtained an average accuracy score
of 0.71 (SD =0.05) and an average log_loss of 0.58 (0.03) (which indicates an
average assigned probability of 56%, 0.58=Ln(0.56), for the correct class).

Figure 6 shows the precision-recall curve, which is recommended for
unbalanced datasets. It revealed an acceptable performance of the model.

In relation to the importance of the predictors, Table 3 shows the results for
the different metrics computed. They exhibited that there is no agreement.
According to the permutation, the three most relevant topics were shopping
experience (0.17), labeling doubts (0.15), and safety level (0.12). The least
relevant ones were certification (0.06) and nose problems (0.07). However,
taking purity as a criterion, the three most relevant were face coverage (0.18),
labeling doubts (0.17), and shopping experience (0.16), while the least relevant
were safety level (0.09) and nose problems (0.11).
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Table 2. Topics obtained from the analysis and the 10 most relevant words identified in each topic.

%
Topic Words Labelling Tokens
Topic 1: relationship "0.191*quality’ + Protection_fit: face_nose_head_unique_size (tight) 17.8
between fit and 0.081*'protection’ +
protection 0.078*face’ + 0.046*'head’
(coverage) +""0.045*'nose’ +
0.039*'size’ + 0.037*'price’
+0.034*'strap’
+" "0.028*tight-fitting’ +
0.028*'one-size”)
Topic 2: doubts 1, "0.245*'kn95’ + Doubt_kn95_type_brand_china 16.5
about the labeling 0.107*quality’ +
of the mask 0.063*'type’ + 0.058*'ear’
+ " "0.049*'trade mark’ +
0.048*face’ + 0.047*price’
+0.038*'strap’
+""0.026*'china’ +
0.022*doubt")
Topic 3: level of "0.119*quality’ + Safety_type_fit_clip_nose_ear_face 14.8
safety related to 0.102*price’ +
the type of mask ~ 0.071*nose’ + 0.045*'ear’
(filtering level) fit +""0.042*face’ +
and nose clip 0.037*type’ + 0.036*'to fit’
+ 0.030*'security’
+""0.030*closure’ +
0.028*'kn95™)
Topic 4: talks about "0.111*quality’ + Standard_EC 14.1
the certification 0.106*'type’ + 0.066*face’
(standard, EC label) +0.058*one-size’
+"”"0.057*nose’ +
0.053*hours’ +
0.050*rule’ +
0.042*European
Community’ +
0.036*'price’ " "+
0.034*comfort”)
Topic 5: comments "0.119*'price’ + Q-P ratio 13.6
about the 0.112*purchase’ +
relationship 0.098*'quality’ +
between quality 0.055*face’
and price + " "0.051*relationship’ +
0.041*nose’ +
0.034*closed’ +
0.030*'chemistry’
+""0.023*ear +
0.021*trade mark™),
Topic 6: problems in "0.107*nose’ + Nose_strap_fpp2_problem_adapt 1.9
the nose due to 0.090*'strap’ +
the strap 0.078*fpp2’ +
0.077*quality’
+" "0.063*'problem’ +
0.054*'type’ + 0.044*'to
use’ + 0.039*to adapt’
+""0.036*air' +
0.036*'price™)
Shopping_experinece_delivery_time_picture_smell  11.2

"0.091*quality’ +
0.084*'delivery’ +
packaging 0.072*'nose’ +
0.070*time’
+" "0.060*face’ +
0.041*air" + 0.039*'strap’
+ 0.039*comfort’
+ " "0.038*'photography’
+0.031*olour”)

Topic 7: shopping
experience and the
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Shap values (Figure 7) showed doubts about labeling (0.25) to be the most
relevant topic, followed by quality-price ratio (0.16) and certification (0.14).
Problems in the nose due to the strap (0.06) and the level of safety related to
the mask type (filtering level), the fit and the nose clip (0.09) were the least
important.

In any case, only SHAP allowed an understanding of the type of influence.
Figure 8 provides an understanding of the type of influence by combining the value
of the feature (red for high and blue for low) and the impact on the model output
(horizontal axis). In this way, a topic has a negative influence when high values in
comments (red dots) are associated with negative Shap values (x axis) on the model
output. In descending order of impact, Topics 7, 6, and 1 showed a similar
distribution, indicating a negative influence to a lesser extent than other ones.

The force plot (Figure 9) summarized this for a given output. It obtains an
actual value of 1.75 (Shap value) with respect to the base value of 1.23. In this
graph, the base value is the value that would be predicted if we did not know

100 1 -== No Skill
Logistic
095
§ 0.90 1
w
o
2
S 085
0.80 1
0.75 T T T T T T
00 0.2 04 06 08 10
Recall

Figure 6. Precision-recall curve of the model obtained in the study. It represents the number of
true positives divided by the sum of the true positives and false positives (Precision), and the
number of true positives divided by the sum of the true positives and the false negatives (Recall).
A no-skill classifier is represented as a horizontal line with the value of the ratio of positive cases in
the dataset. A model with perfect skill is depicted as a point at (1,1). A skillful model is illustrated as
a curve that bows toward (1,1) above the flat line of no skill.

Table 3. Importance of topics in the model.

Mean Node Shap
Feature permutation purity values
Topic 1: relationship between fit and protection (coverage) 0.09 0.18 0.1
Topic 2: doubts about the labeling of the mask 0.15 0.17 0.25
Topic 3: level of safety related to the type of mask (filtering level) fit and 0.12 0.09 0.09

nose clip

Topic 4: talks about the certification (standard, EC label) 0.06 0.14 0.14
Topic 5: comments about the relationship between quality and price 0.09 0.14 0.16
Topic 6: problems in the nose due to the strap 0.07 0.1 0.06

Topic 7: shopping experience and the packaging 0.17 0.16 0.12
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Figure 7. Shap values summary plot. (+): Topics that influence positively; (-): Topics that influence
negatively. Topic 2: Doubts about the labeling of the mask; Topic 5: Quality-price ratio; Topic 4:
Certification (i.e., standard, EC label); Topic 7: Shopping experience; Topic 1: Unique size coverage;
Topic 3: Type of filtering and fit; Topic 6: Problems in the nose due to the strap.

any features (weight of each topic) for the case studied. It is the average of the
model output over the training dataset. The numbers on the plot arrows are
the value of the feature for this instance: topic 4 = 0.01349, topic 6 =0.1198,
topic 5= 0.2495, topic 7 = 0.1198, topic 3 =0.1168 and topic 2 = 0.1379. Red
color represents features that pushed the model score higher, and blue color
represents features that pushed the score lower. The bigger the arrow, the
bigger the impact of the feature on the output. The additive result of these
effects move the base value to the actual value of 1.75. It is possible to
appreciate that topics 2, 3 and 7 contributed negatively whereas topics 4, 5
and 6 contributed positively.

Discussion

There was a massive increase in the use of face masks during the pandemic.
Although there is currently no requirement to wear them, the World Health
Organization recommends the use of masks after recent exposure to COVID-
19, if someone has COVID-19 or is suspected of having COVID-19, if some-
one is at a high risk of severe COVID-19, and for anyone in a crowded,
enclosed or poorly ventilated space (World Health Organization 2023).
Furthermore, it is suggested that in the foreseeable future, people may need
to wear masks to combat any airborne disease in the post-pandemic world
(Lee et al. 2022).

In this scenario, to rapidly evolve and improve products, developing new
strategies for gathering costumers’ opinion in order to implement product
updates according to customer demands is relevant. The aim of this study was
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Figure 8. Influence of features in the model output. Each dot represents a row of the dataset. Each
point represents a row of data from the original dataset. Topic 2: Doubts about the labeling of the
mask; Topic 5: Quality-price ratio; Topic 4: Certification (i.e., standard, EC label); Topic 7: Shopping
experience; Topic 1: Unique size coverage; Topic 3: Type of filtering and fit; Topic 6: Problems in the
nose due to the strap.
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Figure 9. Force plot from SHAP showing the effect of each topic for a particular review. Topic 1 has
no influence

to apply Explainable Artificial Intelligence to identify the relevance of attri-
butes and features of face masks from online customers’ reviews to guide
product improvement. To this end, we captured online customers’ reviews
from the Amazon website, text-mined them, identified topics using LDA, and
examined the influence of topics using GBT and Shap values.

The main finding of this study is that combining LDA with SHAP to explain
complex ML model can identify face mask attributes and their influence on the
overall ranking. This had previously been applied for cell phone (Joung and
Kim 2021) but applying DL neural network-based methods over a large dataset
of reviews (>30k) and not to ML over smaller datasets as in the present
research.

This contributes to addressing both RQ1, which examines whether the
influence of mask attributes on overall customer ratings in online reviews
can be determined by employing SHAP methods to explicate models
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developed with advanced black-box classification ML techniques, and RQ2,
which focuses on identifying the specific mask attributes that influence cus-
tomer ratings in online reviews.

In descending order of importance, the identified topics were as follows:

(1) Topic 2. Doubts about the labeling (e.g., type, precedence, and brand)
were the most relevant and showed a negative influence. Comments
with high weight of Topic 2 tended to receive less than 4 stars.

(2) Topic 4. Certification (e.g., standard, and EC label) was the second most
relevant. Comments with high values on this topic had a positive impact
on scoring more than 4 stars.

(3) Topic 5. Relationship between quality and price. Comments with high
values on this topic had a positive impact on having more than 4 stars.

(4) Topic 7. Shopping experience and packaging. Comments with high
values on this topic tended to have less than 4 stars.

(5) Topic 1. Unique-size face coverage. Comments on this topic tended to
associate a negative impact with having more than 4 stars.

(6) Topic 3. Level of filtering and fit. Highly loaded comments on this topic
had a positive impact on having more than 4 stars.

(7) Topic 6. Problems in the nose due to the strap. It had a minor negative
impact.

To our knowledge, no published works have applied topic analysis on face
masks, which makes comparison with the literature difficult. Bakhit et al.
(2021), after reviewing the existing literature, revealed discomfort and irrita-
tion to be the most commonly reported problems when wearing face masks.
The discomfort could be related to Topic 6 in this study, while irritation was
not one of the topics identified. However, the same authors concluded that
more research is needed to address the harms and disadvantages of face masks.
Furthermore, the results of this study showed topics that appear in studies of
online reviews of other products, such as the relationship between quality and
price (Topic 5) (Jang, Chung, and Rao 2021) and those related to the shopping
experience (Topic 7) (Bae and Lee 2011).

At this point, the main purpose of these results is to guide the agenda of face
mask designers and manufacturers. To what extent should they focus on the
identified topics?

LDA is a probabilistic model; therefore, topics may vary across runs. This is
overcome by running the model several times. In addition, coherence and
distance metrics facilitate obtaining an approximate structure of topics. Thus,
there is a long-standing assumption that the latent space discovered by LDA
models is generally meaningful and useful, and that evaluating such assumptions
is challenging due to the unsupervised training process. The meaningfulness of
LDA may only be validated through comparison with results from traditional
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methods, which (as noted in the introduction) require substantially more time,
cost more, and offer smaller data samples than the methodology employed in
this study, which is cheaper and faster. Furthermore, there is no gold standard
list of topics that can be compared to each corpus. In any case, the list of topics
reflects the most frequent words identified in the comments (quality, comfort,
price, size, color, type, certification, fit and presentation of the product [parcel
and package] and other elements, such as the strap).

After comparing the results with published research, it can be said that
topics like the filtration level of masks support the current research agenda
(Chua et al. 2020; Tcharkhtchi et al. 2021). In addition, the improvement of
masks should not only focus on materials but also include other character-
istics, such as the influence of the fit (Topic 3). In our study, the mask fit
(O’Kelly et al. 2021) was included in Topic 1, and it related to the level of
protection provided by face coverage and discomfort (Chua et al. 2020). These
features also correlated with the nose fit (clip and strap) (Topic 6).

In a recent work, Rahman et al. (2022) reviewed the requirements and types of
face masks included in various standards (National Institute for Occupational
Safety and Health [NIOSH], American Society for Testing and Materials
[ASTM], and International Organization for Standardization [ISO]). These
regulations were developed to define performance requirements for source
control, the protective efficacy of face masks or barrier face coverings, and
standardized products to aid user selection decisions (Rahman et al. 2022).
They describe the following requirements as necessary for the effective use of
the masks: (1) excellent fit over the user’s nose and mouth to prevent leaking,
protect, and be comfortable on the face (Topics 1 and 6) and (2) use of multi-
layer, non-woven but breathable fabrics to ward off bright light, prevent leakage,
and allow normal breathing. In this respect, compliance with a standard or the
EC label had a strong and positive influence (Topic 4), but this information
about the type of mask, protection level, brand, etc., should be enhanced to avoid
confusion among customers, as this was the primary cause of the negative
comments.

In regard to Topic 7, it highlighted the necessity of adhering to the com-
monly accepted approach that considers packaging design as part of product
development. Packaging design offers significant information and visual cues
that impact customer purchase decisions and establishes expectations, affect-
ing subsequent user evaluations (see Shukla, Singh, and Wang 2022 for
a review). When considering the shopping experience, since the current
study specifically focuses on online product reviews, it is necessary to keep
Topic 7 in mind. This suggests accounting for the shopping experience related
to product delivery, as it can affect ratings. As a result of this research, it is
recommended that this factor be included in the improvement plan for face
masks.
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Regarding the analyses of the influence of attributes, the model’s performance
was moderate. Running the model trained on all the data resulted in an accuracy
of 0.83, a recall of 0.82, and a log_loss of 0.43, with a 65% probability assigned to
the correct class (log_loss is one of the most commonly used metrics for classifica-
tion tasks). It (e.g., cross-entropy loss) evaluates performance by comparing actual
class labels and predicted probabilities. The comparison is quantified using cross-
entropy loss, which is a metric used in ML to measure how well a classification
model performs. The loss (or error) is measured as a number between 0 and 1,
with 0 being a perfect model. In our model, the cross-entropy loss was 0.105 (close
to 0), which means that the model is very good (at a 90% confidence interval). This
suggests that there are aspects of online reviews other than product attributes that
contribute to the overall ranking. Further research should investigate the influence
of other aspects, such as real price, mask type or sentiment analysis.

The approach presented in this study may have significant implications for
industry. It is essential that industrial companies comprehend consumer
preferences and develop products that meet the market demands, and generate
effective marketing strategies. To successfully position their products, compa-
nies must understand how consumers perceive them (Alzate, Arce-Urriza, and
Cebollada 2022). In a dynamic market, they require fast and cost-efficient
methods to analyze customers’ needs. Examining how customers perceive
product attributes through online reviews and the impact these attributes
have on their purchasing decisions can be a productive method that aligns
well with industry standards.

Strengths, Limitations and Future Research

The present paper is relevant in demonstrating the usefulness and feasibility of
merging analyses of online reviews with XAI to establish the relationship
between product attributes and ratings to accelerate innovation in products
and services. This study offers the prospect of leveraging the mathematical and
computational benefits of complex techniques, such as GBT, which employ
a black-box approach to produce high-performing models that can be later
elucidated by XAIL

Regarding this, GBT metrics (permutation and node impurity) produced
divergent outcomes and evaluated the importance of features in the model’s
performance rather than the outcome variable (like SHAP did).

Joung and Kim (2021) have made a similar contribution in which LDA was
combined with ABSA to estimate the importance of product attributes. They
evaluated the impact of sentiments associated with each product attribute on
overall ratings by using an explainable, deep neural network that utilizes Shap
values. The study showed that negative comments led to lower ratings, while
positive comments corresponded to higher rankings. However, a comment
may have one polarity despite containing contributions on various. Negative
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reviews potentially include positive comments related to certain topics and
vice versa. This presents a compelling avenue for future research, where ABSA
and ML techniques can be combined (Trisna and Jie 2022) to explore the
mediating impact of polarity on the product attribute- star rating relationship.

Another point for discussion is the approach used for text representation.
We used a bag of words (BOW) for simplicity. However, it should be noted
that neural networks-based embedding techniques, such as Word2Vec or Bert
(Devlin et al. 2019; Suryadi and Kim 2018) when combined with ML and DL
techniques, demonstrated better performance than BOW (representing a text
only the words it contents), although the latter is much simpler to apply.

In this line of thought, permutation importance is fast to compute, and
widely used and understood compared to most other approaches. The method
randomly varies the validation data of a feature and compares new predictions
with those of the fitted model. New results would be worse depending on how
relevant the feature is. They can only get better if a feature is not relevant at all
(negative values of the permutation) because if it is relevant, it contributes to
the original model. However, it does not explain how important each feature
is. If a feature has a medium permutation importance, it potentially has a large
effect for a few predictions, no effect in general, or a medium effect for all
predictions. Therefore, we used SHAP.

The main difference between SHAP and other popular methods of XAI,
such as LIME, is that the latter does not guarantee that the prediction is fairly
distributed across the features. Moreover, SHAP does return a prediction
model like LIME. It always considers all features and thus cannot be used to
make statements about changes in the predictions (ratings) for changes in the
input of a single topic.

Another point to discuss regarding the study’s methods is the fact that there
were more general ratings above 4 stars than below. We assumed that satisfied
customers typically leave ratings of 4 or 5 stars, while dissatisfied customers
leave ratings of 3 stars or less. Then, the presence of more comments over 3
stars could be due to dissatisfied customers not leaving comments. However, it
could also be attributed to the existence of more highly rated products
compared to bad ones, which is a well-documented phenomenon known as
the “positivity problem.” This refers to the fact that there is a tendency toward
4 and 5 star ratings in online reviews (Rocklage, Rucker, and Nordgren 2021).

Several studies present some limitations of online reviews in terms of
reflecting users’ general opinions about a product. An outstanding field of
research is the verification of online reviews™ authenticity. Fake reviews are
increasingly affecting data reliability (Lim and Tucker 2017; Salminen et al.
2022; Suryadi and Kim 2018). Some websites provide fake comments detec-
tion, but these systems are costly since combining automated and human
detection strategies still fails to detect a significant portion of bogus reviews,
presenting an ongoing challenge (Mohawesh et al. 2021; Salminen et al. 2022).
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In addition, intrinsic biases in individuals, such as what they tend to exagge-
rate (Kapoor et al. 2021) and the realistic, optimistic, pessimistic, or unreliable
nature of reviewers (Lim and Tucker 2017), present compelling and note-
worthy avenues of research.

In this case, the results should be interpreted with caution when designing new
products. Another possibility is that because people use online reviews to decide
whether to buy masks, those that receive negative comments are not bought and
disappear from the market. Therefore, there are more positive than negative
reviews. As we have previously stated, this is the well-documented phenomenon
called “positivity problem” (Rocklage, Rucker, and Nordgren 2021).

This study used only Spanish-language reviews to control for potential
cultural and linguistic influences on results, as noted by some authors (e.g.,
Kong and Lou 2023). Future research should examine how differences in
language, culture, and other factors affect product ratings, as well as the
relationship between customers’ valued attributes and their ratings.

Furthermore, this study was conducted when face masks were mandatory.
Now that this requirement has been lifted, future research into differences
between consumers’ reviews during and after the pandemic is warranted.

The findings of this study indicate the potential benefit of utilizing
text-mining and natural language processing techniques in online
reviews for expediting the product improvement process. Additionally,
utilizing Explainable Artificial Intelligence (XAI) methods, such as
SHAP, can lead to the extraction of interpretable models. The field of
XAI is currently a prominent area of research in the arena of Artificial
Intelligence. The outcomes of this study suggest new channels for future
research involving the application of XAI in product development and
emotional engineering. In particular, there is a growing interest in
developing methods for verifying the authenticity of online reviews.

Conclusion

This paper’s results imply that analyzing online customer reviews could be useful
to speed up the development and evolution of any product or service. The
combination of Topic Modeling and Explainable Artificial Intelligence (XAI)
allowed to identify and establish the relevance of attributes that people value
when buying online and using face masks. Accordingly, the innovation agenda
for this product should focus on the following: avoiding customer confusion
about mask type (ffp2 or kn95), brand, and origin (Topic 2); compliance with
standards and/or EC labeling (Topic 4); balanced quality-price ratio (Topic 5);
mask protection (face and nose fit, unique size, and strap) (Topic 1); shopping
experience (packaging and smell) (Topic 3); and avoidance of the nose adapta-
tion problems (clip and strap) (Topic 6). Analyzing how customers perceive
product features through online reviews and the influence of these attributes on
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their purchasing decisions can serve as an efficient approach in guiding product
improvement in the industry.
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