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Online reviews are an important information source for companies analysing users’ demands. We con-
ducted a study of online reviews to measure how product attributes impact customer satisfaction.
First, we attempted to infer through sentiment analysis whether a customer is satisfied with a purchase
according to their review. Second, a logistic regression model was developed to estimate the impact of
various product properties on customer satisfaction scores. Our estimates indicated that customer satis-
faction is influenced by drainage mode, loading type, frequency conversion, type, display, colour, and
capacity. We further investigate the impact of price and find that customers who buy cheap products
should be treated differently from purchasers of expensive items because the relevance of design features
on their satisfaction is different. Additionally, we observed that although customers are concerned about
noise, perceived noise is not consistent with actual noise levels. We analysed specific reviews and then
obtained more detailed information on customer attitudes.

� 2018 Elsevier B.V. All rights reserved.
1. Introduction (Abrahams et al., 2012). In contrast to administered question-
Understanding customers’ behaviours and reactions to product
design and marketing is critical for manufacturers. Customers’ sat-
isfaction influences their loyalty to the company. Thus, satisfying
both current and potential customers’ needs has become a serious
challenge for market-driven product design. In order to improve
customer satisfaction, it is necessary to study how product
attributes affect customer satisfaction.

Existing research on customer behaviour typically relies on
interviewing respondents, either by means of traditional
paper-and-pencil surveys or online questionnaires. These methods
are usually expensive and time-consuming (Zhou et al., 2016). Fur-
thermore, the quality of the data obtained from surveys depends
on the willingness of respondents to participate in the study and
might be biased by the length or complexity of the questionnaire
(Groves, 2006). Internet retailing and e-commerce have provided
new opportunities for improved customer behaviour analysis. As
e-commerce becomes more popular, the number of customer
reviews that a product receives grows rapidly. These reviews are
an important information source for companies analysing users’
demands (Guo et al., 2017) and can provide crucial timely feedback
naires, customer reviews are freely offered evaluations that can
reflect customer concerns more accurately.

A large number of studies have been completed in recent years
to determine how best to detect customers’ priorities from online
reviews. However, only a few studies discuss the value of online
reviews for product design. Thus, this research studies how online
reviews help product designers analyse customer requirements. A
detailed analysis of washing machine reviews from Suning.com,
one of the leading Chinese business-to-customer (B2C) online
shopping platforms, was conducted. In particular, the level of sat-
isfaction exhibited by each customer in 117,585 reviews was quan-
tified through sentiment analysis. Each customer’s satisfaction was
then measured and related to a set of product attributes, such as
color, drainage mode and loading type, etc. Next, this study inves-
tigated the impact of price on satisfaction and the differences
between customers who bought products at different price points.
Additionally, the relationship between a customer’s perception of a
washer’s noise level and the unit’s actual noise level was studied.
Last, latent Dirichlet allocation (LDA) (Blei et al., 2003; Blei and
Lafferty, 2007; Jo and Oh, 2011; Wei and Croft, 2006) was used
to extract customer attitudes from reviews that discussed
frequency conversion and drainage mode.

The research is designed to identify the following key factors.
First, customer satisfaction was measured and the findings showed
that type, color, drainage mode, capacity, frequency conversion,

http://crossmark.crossref.org/dialog/?doi=10.1016/j.elerap.2018.03.003&domain=pdf
https://doi.org/10.1016/j.elerap.2018.03.003
mailto:xin_lyu@sina.com
https://doi.org/10.1016/j.elerap.2018.03.003
http://www.sciencedirect.com/science/journal/15674223
http://www.elsevier.com/locate/ecra


2 Y. Wang et al. / Electronic Commerce Research and Applications 29 (2018) 1–11
display and loading type each have a statistically significant impact
on satisfaction. Specifically, customers were more satisfied with
washing machines which incorporate a pulsator, golden, large
capacity, down drainage, frequency conversion, a liquid crystal dis-
play (LCD) screen, and front loading. However, other attributes –
including automatic operation type, control mode, material, energy
efficiency class, and auto power off – did not significantly affect
customer satisfaction.

Second, our study investigated the differences between cus-
tomers at different economic levels. Product price may reflect a
customer’s financial situation, so customers are divided into three
groups according to the prices of washing machines they buy. In
general, more expensive products are associated with higher levels
of satisfaction. However, this is not always the case for all three
customer income groups. Increased price is associated with a
decrease in the satisfaction of customers who buy a low-priced
product. Customers who buy high-priced products are not sensi-
tive to model price. Moreover, results indicate that customers
who buy expensive products and those who buy inexpensive prod-
ucts have different priorities for design features.

Third, through analysis of reviews discussing the noise of wash-
ing machines, it can be found that customers are concerned about
washing machine noise, but their perceptual sensitivity to noise
nuisance varies. Customers may complain that their washing
machine is noisy even though its specified noise rating is not espe-
cially high. Finally, we assessed reviews related to these two speci-
fic factors. Our results show that both up-drainage and down-
drainage designs have advantages, but almost all customers prefer
frequency-conversion washing machines.

2. Literature review

The role of online communities, particularly in the context of
new product development, has been discussed by many studies
(e.g., Franke and Piller, 2003). Lee (2007) highlighted that online
product reviews enable marketers and manufacturers to gain more
complete understandings of customers. Zhu and Zhang (2010)
proved that online customer reviews can be a good proxy for com-
municating customer experience by word-of-mouth. In Jin et al.
(2014), an ordinal classification approach and an integer program-
ming model were implemented to convert online reviews into the
corresponding original customer satisfaction ratings.

First, the literature on sentiment analysis are evaluated. Senti-
ment analysis refers to the use of natural language processing
(NLP), text analysis, computational linguistics, and biometrics to
analyse opinions and discover how customers feel. Much research
has addressed the problemof assessing emotional cues by analysing
polarity in context (e.g.,Wiebe and Riloff, 2005;Wilson et al., 2005).
To improve the accuracy of sentiment classification, some special
techniques (e.g., Mullen and Collier, 2004; Xia et al., 2013;
Nakagawa et al., 2010; Hassan and Radev, 2010) have been devel-
oped. For example, Qiu et al. (2009) proposed a novel propagation
approach that exploits the relations between sentiment words and
features, to extract newsentimentwords and features.Many studies
have identified or extracted customer sentiments from online
reviews. Hu and Liu (2004)mined the product features about which
the customers expressed opinions. The researchers then used ana-
lytical methods to detect from textual criteria whether customer
opinions are positive or negative. More recently, some authors have
pointed out the power of research designs that are founded on Com-
putational Social Science methods of inquiry, including the use of
machine-based methods combined with explanatory econometrics
for research involvingNLP (Changet al., 2014, Kauffmanet al., 2017).

In Liu et al. (2005), a new technique based on language pattern
mining is proposed as a way to extract details about product fea-
tures from a particular type of reviews. Zagibalov and Carroll
(2008) describe and evaluate a new method of automatic seed
word selection for unsupervised sentiment classification of pro-
duct reviews in Chinese. Lin and He (2009) proposed a joint senti-
ment/topic model, which detects sentiment and topic
simultaneously in reviews. Hedegaard and Simonsen (2013) inves-
tigated the content of online reviews to plot the distribution of
information in reviews according to different dimensions of usabil-
ity and user experience.

Some studies have discussed the value of online reviews in pro-
duct design processes. Decker and Trusov (2010) presented an
econometric framework that allows inferences to be made about
the relative effects of product attributes and brand names on the
overall evaluation of products. Tucker and Kim (2011) proposed a
robust framework for enriching product design processes by
dynamically capturing customer preference trends from publicly
available product review data. Goorha and Ungar (2010) described
a system that monitors social and mainstream media to determine
shifts in how people are thinking about a product. Wang et al.
(2011) developed a systematic methodology for deriving product
attributes from online reviews, constructing customer preference
models by means of Bayesian linear regression, and using these
models in design selection. Jin et al. (2012), proposed a supervised
learning routine to identify product characteristics, which could
then inform an ordinal classification algorithm to prioritize engi-
neering characteristics for designers. Some work also has sought
to capture signs of customers’ changing requirements and to pre-
dict subsequent design trends (e.g., Lee, 2007; Tucker and Kim,
2011).

In particular, past research has shown how detecting product
defects improves revised designs’ performance. Social media
surveillance, text classification, and sentiment analysis have been
used successfully in previous work on defect detection.
Abrahams et al. (2012, 2013, 2015) developed text analytic frame-
works for defect detection and apply these methods to discovering
flaws in the automotive and consumer electronics industries. Law
et al. (2017) extended the text analytics framework for the detec-
tion of under-performance in large home appliances, the results of
which will be beneficial for improving dishwasher appliance qual-
ity management methods. In Jin et al. (2016), aspects of product
features and consumers’ detailed reasons for choosing features
were extracted from online reviews to inform designers about
characteristics that lead to dissatisfied user experiences.
3. Data and method

3.1. Data description

The data used in this study involve washing machine review
data extracted from the Suning.com website. Suning.com is a
new B2C online shopping platform, which is filled with traditional
home appliances, daily necessities, and other product categories. It
has more than 500 million monthly active users and ranks among
the top three Chinese B2C companies. Suning.com provided two
datasets: a review dataset and a product dataset.

The review dataset recorded 117,585 reviews of customers,
including product ID, product ratings (in the form of one-to-five
stars) and full-text consumer comments. The reviews were pub-
lished in the period from March 2012 to November 2014. After fil-
tering out empty and duplicated records, 105,263 reviews
remained. The product dataset consists of the information about
each product’s attributes and functions. For each washing machine,
the data contains product ID, name, automatic type, control mode,
etc. In order to obtain the product attributes of each review, the
product dataset was joined with the review dataset. This yielded
71,909 review records for this research.
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3.2. Sentiment analysis

It is common in China for some retailers to offer bonuses to cus-
tomers if they give favourable comments online. Thus, customers
might be inclined to give a product a higher numerical rating, even
though they are not satisfied. Consumers are more likely to express
their true feelings in online reviews than in one-to-five star sum-
maries. As can be seen from the dataset, many numerical ratings
that do not match the reviews, inasmuch as many customers have
expressed dissatisfaction in their textual comments, but they have
all given 5-stars in the rating to get the bonus. Because customer
reviews often reflect more closely their real attitudes, we use the
review comments instead of numbered ratings to evaluate cus-
tomer satisfaction.

NLP technology was used to analyse the reviews. There are
some key differences between Chinese- and English-language
expressions (Zhou et al. 2016). SnowNLP, a Python library that spe-
cializes in analysing Chinese, is used to process the reviews. It has
functions similar to TextBlob (a Python library for processing Eng-
lish textual data), such as part-of-speech tagging, noun phrase
extraction, sentiment analysis, and text abstraction.

We first trained the dictionary in SnowNLP with the review
commentary data. Some review samples were tagged manually
and then stored in the existing dictionary to improve the accuracy
of the sentiment analysis. SnowNLP can predict the probability that
a sentence is positive or negative. Analysis obtained 55,291 posi-
tive reviews and 16,618 negative reviews. The sort of comments
posted by each customer were then used to measure the level of
satisfaction and entered in the model below.

3.3. Regression model

The model is based on the relationships between customer sat-
isfaction (i.e., the sentiment analysis result) and product attributes.
We define a binary variable SATISFACTIONi with SATISFACTIONi = 1
if the sentiment analysis result of ith review record was positive,
and SATISFACTIONi = 0 otherwise.

A series of dummy variables were created. For example, there
are three types of washing machines, including pulsator, drum,
and washer-dryer. The measure TYPEi, consists of two dummy vari-
ables: TYPE_PULSATOR and TYPE_DRUM. They were estimated to
capture the influence of type. Similarly, the impacts of color
(COLOURi), material (MATERIALi), energy-efficiency class (ENERGYi),
and display screen (DISPLAYi) were examined. They all contain a set
of dummy variables. To account for the influence of automatic
type, the dummy variable AUTOMATIONi was constructed. Washing
machines can be automatic and semi-automatic. The binary vari-
able AUTOMATIONi was defined with AUTOMATIONi = 1 if the ith
washing machine was automatic and AUTOMATIONi = 0 if it was
semi-automatic. Similarly, other attributes were considered by
using variables denoting the control mode (CONTROLi), drainage
mode (DRAINAGEi), loading type (LOADINGi), frequency conversion
(FREQUENCYi) and auto power off (AUTOOFFi). In addition, the vari-
able CAPACITYi was introduced as an indicator for the capacity of
the washing machine.

We formulated a logistic regression to estimate the impact of
the above variables on SATISFACTIONi.

logit½PrðSATISFACTIONiÞ ¼ 1� ¼ b0 þ Xib1 þ b2AUTOMATIONi

þ b3TYPEi þ b4COLORi

þ b5MATERICALi þ b6ENERGYi

þ b7DISPLAYi þ b8CONTROLi
þ b9DRAINAGEi þ b10LOADINGi

þ b11FREQUENCYi þ b12AUTOOFFi

þ b13CAPACITYi ð1Þ
Xi is a set of variables that control for the underlying heterogeneity
in product and customer characteristics, including price (PRICEi),
noise (NOISEi), brand (BRANDi), weight (WEIGHTi), water consump-
tion (CONSUMPTIONi), and family type (FAMILYi). The integration
of those attributes is not entirely dependent on production design-
ers, so those attributes are included as control variables to correct
for the heterogeneity. Table A1 in the Appendix provides a list of
all the variables and controls.
4. Results

4.1. Effects of product attributes on customer satisfaction

Table 1 summarizes the results of estimating the model with
customer satisfaction as a dependent variable based on the sample
of 71,909 reviews. Only coefficients that are statistically significant
are shown in the table. Table A1 in the Appendix provides results
with all of the variables.

The regression results in Table 1 show that the coefficient for
the dummy variable TYPE_PULSATOR (b3_pulsator) has a value of
1.012 and the coefficient for TYPE_DRUM (b3_drum) has a value of
0.130. They indicate that compared to a combined washer-dryer
machine, a pulsator or a drum washing machine led to a 175.1%
or 13.9% increase in satisfaction, respectively. Also, satisfaction
decreased if the color was changed from silvery to white or grey.
However, the coefficient for COLOUR_GOLDEN (b4_golden) was esti-
mated to be 0.095 (p = 0.008), providing evidence that customer
satisfaction improved by 10.0% if the washing machine was golden
rather than silvery. The effect of display type was also significant.
As Table 1 illustrates, an integral LCD screen (b7_LCD) was associ-
ated with a 15.1% higher satisfaction. But the effect for a light emit-
ting diode (LED) screens was not statistically significant at the 10%
level, a result that does not support the common hypothesis that
customers are more satisfied with LED screens than with no dis-
play screen.

The data also showed that up drainage had a negative effect
(b9_up = �0.106, p < 0.001), indicating that up drainage was asso-
ciated with 10.1% decreased satisfaction. Clearly, compared with
up drainage designs, users were more satisfied with down
drainage. When we examined the effect of loading type on
customer satisfaction, we found that the coefficient is �0.702
(p = 0.002). Customers were more satisfied with front-loading
than with top-loading washing machines. Next, we found that
the coefficient for FREQUENCY (b11_conversion) was estimated to
be 0.217 (p < 0.001), suggesting that customers were about
24.2% more satisfied if the washing machine had frequency
conversion.

Furthermore, the results show that larger capacity (b13 = 0.081)
was associated with higher satisfaction. Specifically, a unit’s
increase in CAPACITY led to an 8.4% increase in satisfaction. The
coefficients for MATERIAL, ENERGY, AUTOMATION, CONTROL and
AUTOOFFwere not statically significant at the 10% level, suggesting
that those attributes are not relevant to customer satisfaction.
Thus, they should not be prioritized when manufactures design
new washing machine models.

In summary, we found seven attributes related to customer sat-
isfaction. From the standardized estimates of coefficients, it can be
seen that the type of washing machine and loading type had rela-
tively larger effects. Other attributes also had statistically signifi-
cant impacts, but their influences were smaller. When designing
a product, manufacturers should seriously consider the seven attri-
butes that significantly influence customer satisfaction. Further,
when resources are limited, it may be unnecessary for manufactur-
ers to improve the performance attributes that have no significant
impact.



Table 2
Descriptive statistics for price.

Mean Std Dev Min Median Max Lower Quartile Upper Quartile

2398.71 1635.14 339 2164.33 7199 953 3226

Table 1
Effect of production attributes on customer satisfaction.

Variable Coef (SE) Odds Ratio Standardized Estimate (SE) p-value

b3_pulsator 1.012 (0.264)*** 2.751 0.279 (0.264)*** <0.001
b3_drum 0.130 (0.071)* 1.139 0.036 (0.071)* 0.066
b4_white �0.143 (0.033)*** 0.867 �0.034 (0.033)*** <0.001
b4_grey �0.196 (0.034)*** 0.822 �0.050 (0.034)*** <0.001
b4_golden 0.095 (0.036)*** 1.100 0.018 (0.036)*** 0.008
b7_LCD 0.141 (0.056)** 1.151 0.022 (0.056)** 0.013
b9_up �0.106 (0.035)*** 0.899 �0.026 (0.035)*** 0.002
b10_top �0.702 (0.223)*** 0.496 �0.193 (0.223)*** 0.002
b11_conversion 0.217 (0.065)*** 1.242 0.060 (0.065)*** <0.001
b13 0.081 (0.019)*** 1.084 0.057 (0.019)*** <0.001
Likelihood ratio <0.001

Note: Variables for Xi and not statistically significant at the 10% level are not displayed. ***, **, and * denote significance at the 1%, 5% and 10% levels. Standard errors are shown
in parentheses.

Fig. 1. Satisfaction as a function of price.

Table 3
Effect of attributes on customer satisfaction in different price groups.

Variable Model 1 Coef (SE) Model 2 Coef (SE) Model 3 Coef (SE)

b3_pulsator 0.722 (0.302)**

b4_white �1.051 (0.291)*** �0.238 (0.050)*** �0.323 (0.096)***

b4_grey �0.780 (0.351)** �0.276 (0.149)*

b4_golden �0.745 (0.381)* �0.149 (0.087)*

b7_LED 0.205 (0.067)*** �0.374 (0.128)***

b7_LCD �0.319 (0.145)**

b9_up �0.273 (0.062) ***

b10_top �0.553 (0.276)**

b11_conversion 0.314 (0.103)***

b13 0.006 (0.002)*** �0.0003
(<0.001)*

bprice �0.002 (0.001)*** 0.0003 (<0.001)***

bnoise �0.006 (0.003)* 0.012 (0.003)*** 0.011 (0.004)***

Likelihood ratio p < 0.001 p < 0.001 p < 0.001

Notes: The table shows the estimates of coefficients. Variables for Xi and not sta-
tistically significant at the 10% level (provided in the appendices) are not displayed.
Mode 1 is the model for low-priced product. Model 2 is for medium-priced prod-
ucts. Model 3 is for high-priced products. ***, **, and * denote significance at 1%, 5%
and 10% levels. Standard errors are shown in parentheses.
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4.2. Effect of price on customer satisfaction

We note that price also had a statistically significant effect on
customer satisfaction. The coefficient PRICE was estimated to be
0.0002 (p < 0.001). We guess that the effect of price on satisfaction
may be complicated. From Table 2, we see that the average price
for the washing machine that customers reviewed was ¥2398.71,
and the upper and lower quartiles were ¥3226 and ¥953, respec-
tively. For simplicity’s sake, we divided the price into three ranges:
low (0–¥1000), medium (¥1000–¥3000) and high (¥3000 and
above). The number of reviews in the three groups were 23,216,
30,114 and 18,579, respectively.

Consider the relationship between satisfaction (i.e., the propor-
tion of satisfied customers) and price, as shown in Fig. 1. We
observed a pattern: satisfaction decreased with price when the
washing machine was cheap, but a higher price led to higher satis-
faction when the washing machine was of moderate price or
expensive. Thus, there may be some heterogeneities that distin-
guish customers who buy budget washers from those who buy
expensive washing machines.

Thus, we have analysed the impact of attributes in different
price ranges. The models for low-priced, medium-priced, and
high-priced units are defined as Models 1, 2 and 3, and the results
are shown in Table 3. Tables A2–A4 in the Appendix provide com-
plete results with all variables for Model 1, 2 and 3.

In Model 1, the coefficient for PRICE had a value of �0.002
(p < 0.001). It suggests that a higher price was associated with
lower satisfaction. In addition, some of the analysis results were
consistent with previous findings. Specifically, customers were
more satisfied with silver color than with white and grey finishes.
Larger load capacity was associated with higher satisfaction.

Unlike the results of Model 1 though, higher price was associ-
ated with higher satisfaction in Model 2. The results show that cus-
tomers were more satisfied with a silvery washing machines than
white ones. Moreover, pulsator washing machines were more sat-
isfying than drum washing machines. In addition, a down-draining
washing machine was preferred to an up-draining one. And a
washing machine with front loading and frequency conversion
was associated with high satisfaction. Last, greater capacity was
related to higher satisfaction too.

Next, consider the results for Model 3. The coefficient for PRICE
was not statistically significant at the 10% level, which means price
was not a key factor impacting the satisfaction of customers who
bought expensive products. And some attributes which had



Fig. 2. Satisfaction as a function of noise. Note: Dashed line is linear-fitted curve.

Fig. 3. Satisfaction as a function of noise in different price groups.
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significant effects in Model 2 did not have statistically significant
impacts in Model 3. Those attributes include drainage mode, load-
ing type, frequency conversion, and capacity. The results suggest
that affluent people were not concerned with these attributes.

The results for the three groups are different. For the products
in the low-price and expensive groups, there were fewer attributes
significantly related to user satisfaction. One explanation for this is
that customers who buy low-priced products only expected basic
functionality. As a result, the product’s other attributes were not
considered essential. By contrast, customers who bought high-
priced products cared more about advanced functions and services,
such as intelligent controls and automatic drying. Consequently,
the other attributes likely went unnoticed. Their presence or
absence showed no significant effects.

The impact of price on user satisfaction is also examined. Higher
satisfaction was associated with lower price when the product was
relatively cheap, but customers were more pleased with a higher-
priced unit when they purchased a moderately-priced appliance.
For expensive products, the influence of price on satisfaction was
not significant. Such variances in responses are rational if cus-
tomers’ different financial conditions are taken into perspective.
Customers with lower incomes might have wished the product
could be cheaper, so their satisfaction decreased with the increase
in price. Customers who bought the moderately-priced products
might have had higher incomes than the former group of buyers.
Purchasers of medium-priced units were primarily concerned with
a washing machine’s quality, which generally correlates with
higher prices. Thus, the expensive product would likely enhance
their satisfaction. Last, customers who bought the most expensive
products would be relatively wealthier, so they were not sensitive
to price.
4.3. Effect of noise on user satisfaction

Another result should be noted is that the coefficient for NOISE
is 0.012 (p < 0.001) in Model 2 and 0.011 (p = 0.002) in Model 3.
NOISE is the noise level generated by the unit’s operation, which
is officially rated by manufacturers as a specification parameter
of the washing machine. Our estimates indicate that higher noise
levels led to higher satisfaction when the washing machine was
expensive – a discovery that does not seem to conform to common
sense. Consequently, we have given careful consideration to possi-
ble explanations for this phenomenon.

First, we tries to find a relationship between customer satisfac-
tion and NOISE. The reviews are divided into a number of groups
according to the noise level, and the percentage of satisfied users
in each group is calculated. Fig. 2 presents the relationship
between satisfaction (i.e., the percentage of satisfied users) and
noise level. We found a pattern that indicates satisfaction
decreases with increasing noise level – a result that fits our theo-
retical understanding. However, this trend was not uniform for
customers in all the three models.

Subsequently, we scrutinized the relationship between con-
sumer satisfaction and noise level, classified by different price
groups, the results of which are shown in Fig. 3.

The pattern is consistent with the previous regression results.
When the washing machine was cheap, increased noise was asso-
ciated with reduced satisfaction. Nevertheless, customers were
more satisfied with a washing machine that emits high levels of
noise when the machine’s price was moderate or high.

This may be related to customers’ different tolerances for noise
or to their personal use experiences. To confirm this hypothesis, we
conducted a text analysis on the reviews. First, phrases related to
noise were extracted and a part of them marked as training sam-
ples. Phrases that describe low noise, such as ‘‘The washing
machine is quiet”, were marked positive, and phrases that describe
high noise, such as ‘‘It is making too much noise”, were marked
negative. Both sets of phrases were stored in the dictionary of
SnowNLP Python library. Next, we implemented a sentiment anal-
ysis based on the dictionary. Finally, we divided review phrases
into groups based on the noise levels of washing machines and cal-
culated the proportion of customers in each group who perceived
high noise levels.

Fig. 4 presents the relationship between the perception of noise
level and the empirically verified noise level of washing machine.
Perception of noise level is defined as the proportion of customers
whose perceived noise level is high. When the price of washing
machine was less than ¥1000, customers’ perception of noise level
increases in accord with the increase in noise level specified by the
washing machine’s manufacturer. However, when the unit’s price
was higher than ¥1000, the owner’s perception of the washer’s
operational noise did not necessarily increase to match the manu-
facturer’s noise rating. These discrepancies might have been be due
to differences of customers’ noise tolerance. The operational envi-
ronment of washing machine might also have affected customers’
subjective experience. For example, the sounds of a washing
machine might be normal during the day but seem much louder
during the quiet of the night.

5. Discussion

From the results above, we clearly detected that manufacturer
specified design attributes affect customers’ satisfaction. To obtain
a fully detailed, comprehensive picture of some particular cus-
tomer’s attitudes, we extracted the reviews related to a selection



Fig. 4. Perception of noise level as a function of noise in different price groups.
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of attributes and analysed them through an LDA model. Because
drainage mode and frequency conversion have been shown to sig-
nificantly impact customers’ satisfaction, and the relevant reviews
were sufficient, these comments were examined for indicators of
owners’ detailed attitudes.

The results above show that customers preferred draining
water from the bottom rather than the top. Further analysis sug-
gested the reasons for these preferences. Reviews related to drai-
nage modes were isolated from the dataset and divided into up-
drainage group and down-drainage groups. These were analysed
through the LDA model too. Tables B1 and B2 in the Appendix pro-
vide the detailed results. From these, it can be seen that different
customers have different attitudes toward the two modes of drai-
nage. The operation of the up-drain washing machines is more
complicated, but it allows customers to install the washing
machine in more convenient areas. The operating noise of down-
drainage washing machines is less than that of up-drainage wash-
ers. However, down-drainage washing machines sometimes fail to
adequately clean the laundry. In general, most users are more sat-
isfied with down drainage, but the up-drainage models also have
advantages.

Similarly, reviews that comment on frequency conversion were
researched. The results can be found in Tables B3 and B4 in the
Appendix. Nearly all the phrases that describe washing machines
with integrated frequency conversion were positive, while most
phrases relate to non-frequency-conversion washing machines
were negative. Our analysis demonstrates that customers were
more satisfied with the frequency conversion designs, distin-
guished by low noise emission, simplified operation, consistently
clean laundry, power efficiency, and other benefits. The non-
frequency-conversion washing machines are noisier and do allow
clothes to be added during wash cycles.
6. Conclusion and future work

When a product is in design, how planned attributes may affect
customer satisfaction should be considered. This study presented a
logistic regression model that offered strong indications of how
satisfied customers will be with different product attributes. In
analysing customer comments on washing machine purchases,
we discovered that customer satisfaction is sensitive to a design’s
drainage mode, loading type, frequency conversion, type, display,
color and capacity. Designers, thus, should prioritize these attri-
butes when weighing the costs of manufacture against consumers’
strong feelings towards key features. Other optional features, such
as construction material and energy efficiency class, showed no
statistically significant impacts on customer satisfaction. Such vari-
ables ought to give an appliance design team less concern.

The effects of price were also observed. The regression results
for different price groups showed that consumers with strong bud-
get concerns demonstratde different evaluative priorities than
prospective purchasers of medium- and high-priced units. In addi-
tion, customer satisfaction relating to some attributes, such as
noise, largely depended on the individual customer’s perception.
The results show that some owners perceived the noise level of
low-noise operating washing machines as excessively loud. Manu-
facturers should reconsider whether strategies that prioritize per-
formance improvements in attributes that elicit widely varying
subjective reactions are sound.

A number of researchers (e.g., Song et al., 2016; Jiang and
Rosenbloom, 2005; Qu et al., 2008) have reported that logistics ser-
vices and retailer visibility play important roles in securing cus-
tomers’ satisfaction. Many reviews referred to the quality of
logistics services and retailer support. Thus, future research needs
to investigate how and to what extent these factors affect customer
satisfaction. If optional features can have enormous impact on
sales and brand loyalty, the psychological effects of many other
product features must be controlled for.

A few attributes, such as drying function, are not included in our
model. Nevertheless, manufacturers should not downplay the
importance of the critical features that prominently figured in cus-
tomers’ assessments of their needs. Designers should also take
note. New studies should be directed towards fine-tuning addi-
tional tests of how customers’ personal attributes influence pur-
chase satisfaction. However, the data gathering and estimation
challenges associated with such detailed modelling are formidable.

Future research also should look at how more effective design
strategies may enhance the ownership experiences of different
customers. To this end, personal information about customers,
such as occupation and income, should be collected. It will be par-
ticularly desirable to investigate how design options attract high-
income customers, who, with little concern for price, may invest
in more advanced features and better services. More detailed anal-
yses of high-end, ‘‘intelligent” functions are required as a reference
for improving many product lines.

The modelling approach and estimation technique utilized in
our study can be generalized to improve the design and manufac-
turing of other products, especially complex ones. Complex prod-
ucts are often marketed as having diverse arrays of design
features. Manufacturers will face challenges in deciding which
attributes to improve and include. In addition, consumers may
have much higher expectations of complex products.
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Table A1
Effect of attributes on customer satisfaction.

Variable Coef SE p-value Standardized Estimate

Intercept 1.823 1.1405 0.110 0.162
Price 0.0002 0.00002 <0.001 �0.009
Brand Bosch �0.224 0.1708 0.190 0.055
Brand Blomberg 0.638 0.1127 <0.001 0.012
Brand Camel 0.209 0.1124 0.063 �0.029
Brand Casarte �0.677 0.1657 <0.001 �0.077
Brand Daewoo �1.716 1.1295 0.129 0.031
Brand DeMuller 0.696 0.1580 <0.001 0.014
Brand Hap 0.505 0.2201 0.022 �0.055
Brand Haier �0.261 0.0781 <0.001 0.030
Brand Hisense 0.531 0.1339 <0.001 0.010
Brand Keg 0.128 0.0999 0.120 �0.014
Brand Konka �0.178 0.0987 0.071 �0.028
Brand LG �0.316 0.1024 0.002 0.017
Brand LittleDuck �1.295 1.1737 0.270 �0.045
Brand LittleSwan �0.251 0.0830 0.003 0.004
Brand Midea 0.025 0.0833 0.766 0.026
Brand Oping 0.342 0.1484 0.021 �0.017
Brand Panasonic �0.134 0.0913 0.143 0.002
Brand Patches 0.039 0.1806 0.828 �0.076
Brand Ripu �2.285 1.1510 0.047 0.012
Brand Sakura 0.164 0.1212 0.177 �0.003
Brand Samsung �0.023 0.0994 0.814 �0.067
Brand Sanyo �0.354 0.0799 <0.001 �0.059
Brand Siemens �0.514 0.1011 <0.001 0.063
Brand Snowflk 1.435 0.2526 <0.001 0.022
Brand Skyworth 0.300 0.1121 0.008 0.051
Brand Weili 0.504 0.0944 <0.001 �0.009
Brand Whirlpool �0.071 0.0850 0.406 0.057
Brand Zanussi 1.305 0.2172 <0.001 0.030
Brand Beko 0.674 0.1543 <0.001 0.018
Brand Sevenstars 0.410 0.1576 0.009
Automatic Type Semi-auto 0 �0.018
Control Mode Computer �0.152 0.1307 0.244 0.279
Type Pulsator 1.012 0.2637 <0.001 0.036
Type Drum 0.130 0.0705 0.066 �0.034
Color White �0.143 0.0334 <0.001 �0.050
Color Grey �0.196 0.0340 <0.001 0.018
Color Golden 0.095 0.0357 0.008 �0.017
Material Stainless Steel 0 0.059
Drainage Mode Up Drainage �0.106 0.0350 0.002 �0.026
Loading Type Top Loading �0.702 0.2234 0.002 �0.193
Family Type One 0.107 0.0742 0.149 0.010
Family Type Two 0.107 0.0533 0.044 0.015
Family Type Three �0.062 0.0276 0.025 �0.017
Capacity 0.081 0.0190 <0.001 0.0571
Energy Effic Class 1 �1.235 1.1412 0.279 �0.340
Energy Effic Class 2 �1.0755 1.1418 0.346 �0.269
Energy Effic Class 3 �0.775 1.1412 0.497 �0.181
Energy Effic Class 4 0
Noise �0.002 0.0013 0.113 �0.011
Weight �0.008 0.0036 0.035 �0.081
Freq Conversion Yes 0.217 0.0651 <0.001 0.060
Auto Power Off No 0.055 0.0404 0.172 0.010
Display Screen LCD 0.141 0.0563 0.013 0.022
Display Screen LED 0.050 0.0404 0.216 0.011
Water Consump �0.0001 0.00012 0.224 �0.006

Table A2
Effect of attributes on customer satisfaction in low-priced group.

Variable Coef SE p-value Standardized Estimate

Intercept 0.812 0.7574 0.284 �0.186
Price �0.002 0.0007 <0.001 �0.094
Brand Camel 0.012 0.1499 0.937 �0.046
Brand DeMuller 0.342 0.2225 0.124 �0.002
Brand Hap 0.922 0.3029 0.002 �0.093
Brand Haier 0.207 0.2279 0.365 �0.093
Brand Hisense �0.513 0.2455 0.037 �0.048
Brand Keg 0.586 0.1989 0.003 �0.118
Brand Konka 0.093 0.2032 0.647 0.140

(continued on next page)
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Table A2 (continued)

Variable Coef SE p-value Standardized Estimate

Brand LittleDuck 1.642 0.5306 0.002 �0.231
Brand LittleSwan �0.725 0.2229 0.001 �0.140
Brand Midea 0.089 0.1507 0.554 0.051
Brand Oping 1.342 0.3969 <0.001 �0.008
Brand Patches 0.838 0.4574 0.067 �0.134
Brand Ripu �1.342 0.5364 0.012 �0.061
Brand Sakura 0.450 0.2847 0.114 �0.218
Brand Sanyo �0.141 0.1585 0.374 0.095
Brand Snowflk 2.189 0.4970 <0.001 �0.162
Brand Skyworth �0.632 0.4052 0.119 �0.129
Brand Weili 0.656 0.1616 <0.001 �0.051
Brand Whirlpool �0.640 0.1997 <0.001 �0.151
Brand Sevenstars 0.952 0.5794 0.100
Automatic Type Semi-auto 0 0.061
Control Mode Computer 0.305 0.2496 0.222 �0.214
Color White �1.051 0.2910 <0.001 �0.208
Color Grey �0.780 0.3511 0.026 �0.057
Color Golden �0.745 0.3810 0.051 �0.198
Material Stainless Steel 0 0.101
Drainage Mode Up Drainage 0
Loading Type Top Loading �0.158 0.1503 0.294 �0.020
Family Type One 0.121 0.1274 0.341 0.027
Family Type Two �0.295 0.0819 <0.001 �0.081
Family Type Three 0.138 0.0965 0.154 0.077
Capacity �0.432 0.0975 <0.001 �0.119
Energy Effic Class 1 0
Energy Effic Class 2 0
Energy Effic Class �0.006 0.0035 0.088 �0.039
Energy Effic Class 0.056 0.0194 0.004 0.144
Auto Power Off No 0.056 0.4959 0.910 0.0080
Display Screen LCD 0.138 0.1884 0.464 0.015
Display Screen LED 0.204 0.0672 0.002 0.049
Water Consump 0.006 0.0019 <0.001 0.120

Table A3
Effect of attributes on customer satisfaction in medium-priced group.

Variable Coef SE p-value Standardized Estimate

Intercept �0.462 0.5729 0.420 0.081
Price 0.00025 0.00005 <0.001 �0.050
Brand Blomberg 1.515 0.4298 0.000 �0.049
Brand Daewoo �0.412 0.5069 0.416 �0.037
Brand DeMuller �0.099 0.5110 0.847 �0.359
Brand Haier 0.552 0.4102 0.179 �0.050
Brand Hisense 1.286 0.4397 0.004 �0.166
Brand LG 0.505 0.4174 0.226 �0.264
Brand LittleSwan 0.677 0.4173 0.105 �0.195
Brand Midea 0.829 0.4212 0.049 �0.197
Brand Panasonic 0.498 0.4229 0.239 �0.108
Brand Samsung 1.022 0.4170 0.014 �0.355
Brand Sanyo 0.236 0.4202 0.574 �0.144
Brand Siemens 0.490 0.4261 0.251 �0.044
Brand Skyworth 1.380 0.4317 <0.001 �0.149
Brand Whirlpool 0.727 0.4201 0.084 �0.166
Brand Zanussi 1.903 0.4563 <0.001 �0.009
Brand Beko 2.031 0.4352 <0.001 0.183
Type Pulsator 0.722 0.3023 0.017 �0.061
Color White �0.238 0.0498 <0.001 �0.020
Color Grey �0.087 0.0633 0.169 0.008
Color Golden 0.047 0.0583 0.420 0.046
Drainage Mode Up Drainage �0.273 0.0620 <0.001 �0.070
Loading Type Top Loading �0.553 0.2758 0.045 �0.139
Family Type One 0.903 0.2763 0.001 0.052
Family Type Two 0.651 0.1362 <0.001 0.056
Family Type Three 0.074 0.0507 0.1445 0.019
Capacity 0.080 0.0349 0.023 0.047
Energy Effic Class 1 �0.566 0.1387 <0.001 0.273
Energy Effic Class 2 �0.250 0.0908 0.007 0.337
Energy Effic Class 3 0 0.304
Noise 0.012 0.00317 <0.001 0.045
Weight �0.011 0.00560 0.050 �0.095
Freq Conversion Yes 0.314 0.1028 0.002 0.086
Auto Power Off No �0.079 0.0574 0.171 �0.015
Display Screen LCD 0.095 0.1797 0.595 0.012
Display Screen LED 0.060 0.1612 0.712 0.009
Water Consump �0.0003 0.00013 0.052 �0.015
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Table A4
Effect of Attributes on Customer Satisfaction in high-priced group.

Variable Coef SE p-value Standardized Estimate

Intercept 0.229 0.5389 0.671 0.030
Price 0.00005 0.00004 0.188 �0.012
Brand Bosch �0.149 0.2087 0.477 0.0028
Brand Blomberg 0.024 0.1805 0.892 �0.064
Brand Casarte �0.760 0.2477 0.002 0.049
Brand Daewoo 0.735 0.5240 0.161 �0.102
Brand Haier �0.480 0.1280 0.000 �0.034
Brand LG �0.315 0.1773 0.076 �0.016
Brand LittleSwan �0.081 0.1453 0.577 �0.112
Brand Panasonic �0.630 0.1628 0.000 �0.022
Brand Samsung �0.145 0.1523 0.340 �0.032
Brand Sanyo �0.200 0.1113 0.072 �0.112
Brand Siemens �0.609 0.1565 0.000 0.126
Type Pulsator 0.640 0.4018 0.111 0.023
Type Drum 0.094 0.0873 0.282 �0.071
Color White �0.323 0.0957 0.001 �0.029
Color Grey �0.276 0.1488 0.064 �0.039
Color Golden �0.149 0.0870 0.086 �0.018
Drainage Mode Up Drainage 0.112 0.1170 0.341 0.031
Loading Type Top Loading 0
Family Type One 1.195 0.3269 0.000 0.111
Family Type Three �0.003 0.0651 0.968 �0.001
Capacity 0.046 0.0608 0.447 0.029
Energy Effic Class 1 �0.084 0.1429 0.557 0.022
Energy Effic Class 2 0 0.028
Energy Effic Class 3 0 v
Noise 0.011 0.0035 0.002 0.056
Weight 0.011 0.0096 0.258 0.079
Freq Conversion Yes 0
Auto Power Off No �0.058 0.0763 0.446 �0.013
Display Screen LCD �0.319 0.1452 0.028 �0.069
Display Screen LED �0.374 0.1276 0.003 �0.090
Water Consump 0.0001 0.0045 0.981 0.001
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Appendix B. LDA Model

See Tables B1–B4.
Table B1
LDA results for the reviews about up-drainage.

Class 1 Class 2 Class 3

Speechless Not bad Aha
It’s not used Drain off water Good
Keep peddling shelves and drains Draining of the water Price and performance are OK
Complaint I don’t know how to use it Recommend
I would like to contact the manufacturer for a replacement Just bought it back like this Praise the installation master
The machine drains off water while we add water. Depressed The master installed it patiently
What I want to buy is a washing machine, not a filter Just so so Teach me how to use
Washing powder box and emergency drainage do not

match
The drain was completely put on the ground when it was first used Drain pipe

I wonder if it’s debugging or old Wash clothes while draining Inlet pipe
There is no present I called customer service phone before I knew it needs to be hung

up
I can pace the power line
reasonably

Table B2
LDA results for the reviews about down-drainage.

Class 1 Class 2 Class 3

Bad Simple operation General appearance
Not bad Low noise Undrained
It is not bad High performance price ratio It has not been used
All right Enough power Depressed
It’s very good washing machine is good while draining
Overall it is OK Attractive appearance Material is not very good
Basically no problem after using a period of time Worth buying Very good
It is quite enough for the couple Large capacity It’s very good to use
The drain can be adjusted to the left or right Water saving and electricity saving The pipe is a little short
Praise Practical function The other is good



Table B4
LDA results for the reviews about non-frequency conversion.

Class 1 Class 2 Class 3

we should buy a frequency conversion washing machine High performance price ratio Go to the store to buy
The machine trembled when the master installed it I am a little bit of regret I want buy a frequency conversion washing

machine
The tray cost 185 Awesome logistics I was told it is frequency conversion
The machine doesn’t tremble Exhibits and photos The goods arrived
Clothes can not be added when the fixed frequency laundry is

working
It is ok it’s an ordinary motor

The functions are enough Inadequate New machine
Follow-up evaluation No frequency conversion The noise
The washing machine is received Not 1 energy saving The sound of dehydration is high
The noise is a bit high we should buy frequency conversion It is bad
There is no after-sales installation after receipt of the goods I should choose the frequency

conversion
A little regret

Table B3
LDA results for the reviews about frequency conversion.

Class 1 Class 2 Class 3

Variable-frequency motor Large capacity It can wash clothes clean
High performance price ratio Simple operation Major brand
Good Low noise Very satisfied
Low noise The washing machine is good Very good
It is quiet Practical function It is good to use
Frequency conversion Enough power Good
Large capacity Attractive appearance The service is good
It is variable-frequency High performance price ratio Ultra-large capacity
It can wash clothes clean Variable frequency and mute Variable frequency and power saving
Variable-frequency Water saving and electricity saving The sound of frequency conversion washing machine is very small
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