J. Management and Humanity Research
Vol. 7, 2022, 85-100 Journal of

ISS\; 2582-77660nline) Management al'ld

Published on 12 April 2022

www.researchmathsci.org Humanity Research

DOI: http://dx.doi.org/10.22457/jmhr .v07a072244

Difference Analysisand Prediction of the Helpfulnessin
Online Reviews of Experience-based, Sear ch-based, and
Mixed-based Goods

Pacheco Reyes C. C.

School of Economics and Management
Chonggqing University of Posts and Telecommunication
Chongging 400065, China
Email: cristhianpr1995@gmail.com

Received 20 Jan 2022; Accepted 5 April 2022

Abstract. Online reviews (ORs) have shown evidence to helpsemers to reduce
hesitation in the last stage of the purchase ashban also found that ORs help online
businesses increase sales. However, ORs are imgédaster, becoming every time more
robust with better ways and media to express usefdlhelpful information. Therefore,
the way ORs help online business and consumeroagtantly changing. Previous studies
have intended to analyze helpfulness in differesiysvHowever, they have not totally yet
identified the most appropriate influence significa of the factors to test and predict the
helpfulness of ORs due to the constant change aolliton of ORs in E-commerce
platforms. | based this study on the economicsnéfrination, media richness, and
negativity-bias theories, proposing a model thaiwshthe influencing factors in the
helpfulness of ORs (such as length, sentimentaly&ig score rating, number of images,
video and published days). To find a closer optihepfulness analysis and prediction, a
data set of 17,11€amples of three types of online goods have beeacted from different
products on Amazon.com. For the analysis, we hawsidered employing a regression
model to analyze the significance level of thedextn ORs for every type of online goods.
The findings in this research prove that in faetr¢his a different perception of helpfulness
for every type of good.
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1. Introduction

As much time pass online businesses and consuraeesgut more attention on ORs due
to the popularity and the positive influence of GRgurchase decisions. According to
sources in 2016 more than 24,000 ORs were publistied; minute in online platforms,
and in 2020 has shown that year by year the nuoft@Rs submitted increase nearly 11%
[1] ORs have a positive impact to reduce hesitatmrake a final purchase decision
through alternative and specific information whiate the most important part when
buying online goods [2-3]. Further, the Bright Ibsasurvey in 2020 found that 87% of
consumer read products reviews and the time aveahagespend reading is 13 min and
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45sec [4]. Previous researches have also caugdrttiatt in electronic word-of-mouth
(eWOM), since it has a positive increment on onbates [5-7].Moreover, the impact of
covid-19 in e-commerce has shown a peak on salasliime business from 10% to 50 %,
and is expected to grow more in the following yeairsgerefore, ORs as a potential source
of social influence, will be continuous analyzdhe upcoming years.

E-commerce platforms such Amazon.com used to askurpers if the review has
been helpful for them, previous research has bdmdstudies on analyzing such factors
as the dependent variable. However, nowadays kifopn lets customers judge the OR
as an optional option to consider it helpful. An @Ronsidered helpful if the consumer
after reading the review gets valuable informatioml assesses it as helpful, for some
consumers find richer information is itself a sauaf pleasure [8]. As many votes of
“helpful” an OR has, much helpful it is. Moreoverreview with higher votes is usually
stuck in upper positions, as a consequence moggeean read it.

There are three main products types that can bedfamn e-commerce websites:
experience goods (EG), search goods (SG) and a@redmods (CG) and these types have
different helpfulness in consumers’ perceptionsvds categorized by [9] and has been
used by many previous researchers such [10-11ljcls&ased goods are products that can
be evaluated for their features and characterjstiese types of products can be evaluated
before consumers buy the product or consume itasicameras, and laptops. Experience-
based goods are products that can be evaluatetgdheir consumption such as books,
and video games. Also, some previous researchhuagnsthat there are some products
that possess both search and experience-basedtehstics and they are considered
mixed goods (MG) such as bag packs [12]. Due tatimeplexity of analysis and quantity
of reviews, this study has not considered credgooels.

Within the context of an online review, there ar@yfactors that are fundamental to
the helpfulness and credibility in the consumerception. One factor that essentially
affects is the sentiment polarity it possessestif@ent analysis measures the polarity and
identified the positive, negative and neutralitytie review context [13]. There are two
common techniques to measure the polarity of wewell sentiment analysis: supervised
learning and unsupervised learning which are basedlexicon-based approach [14]. This
study analyzes reviews based on the buyer’s opirigentiment expresses that differ from
different persons and unlabeled data set. In @&, aunsupervised learning is more useful.
To determine the polarity in this study will bengithe library VADER by a python use a
dictionary based on an opinion lexicon.

There are a vast number of factors of an OR thathéne helpfulness. Those factors
that have been found most useful by previous studi©Rs are the length and the score
rating [15-16]. The review length is one of thetfais that has a direct relationship with
the information, when an OR is longer, more infatiotacan be found. However, some
contributors have found that when the review iyVeng it loses helpfulness, and when it
is very short, they are much less helpful, concigdhat the online reviews with moderate
length are the most useful for consumers suchdrsthdy by [17]. According to the bias
negativity theory [18], buyers who dislike the dbtal product tends to write longer
reviews and also is expected to judge somethirangly, intelligence and expert than
positive or moderate reviewers. Therefore, theengength is a fundamental factor that
helps consumers to make a purchase decision. Tike iatportant factor is based in terms
of how buyers judge or score the online produet sitore rating express how people judge
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the product by giving stars and the score is ugualled from 1 to 5 stars in online
platforms. Extreme rating show how positively omgatvely has impacted the online
product to the buyer. In the study by [19] foundtthositive score rating is less helpful
than negative rating, and this is because peoatdtts had bad experience with the product
tend to be sincerer and judge stronger. Anoth@oitant factor that has been recently
studied is the influence of images and videos & lklpfulness perception for online
reviews [12], this factor has become more fluentvasites since e-commerce platforms
allow consumers to post heavier online reviews gieseand videos are richer visual and/or
auditory information that can support to the consuro concrete the final purchase
decision.

2. Literaturereview

Extant literature has shown that factors such lemgting, images, sentimental analysis in
ORs have a positive influence in the helpfulneseost previous literatures have
significantly contributed to other researches dhilltsome unexplored things. For example,
one research has found that product types modiatffect of review extremity, and got
that for experience goods extreme rating are ledsfll than moderates rating [10].
However, due to the time of the research, they mateonsidered such factors as images
or/and videos in an OR, and it's compressible bse#@uthat period there was not too much
interest to submit an OR. Another research didxq@emental laboratory in a university
using students as participants, the research faasdthat video-based online reviews are
more useful, persuasive and helpful than text-basgithe reviews [12]. However, this
experiment is very limited because of the inteigi®h method they used, and not a
general extent of data.

To understand the OR helpfulness, a big numbeesdéarchers has made different
types of contribution having all of them the sanbgective in analyzing the independent
variable "helpfulness”. Some researchers have fmtuke analysis on unique types of
goods such as books or devices of ORs on platftikmsAmazon.com, Aliexpress.com
[10] [20] and others analyzing the study of sersisach as hotel booking and restaurant
ORs on online websites such TripAdvisor.com, Yeimd21] [15] [22]. On the other hand,
just a few researchers have analyzed the differamomng types of goods either by product
or service, or the SAC categorization (Search, Bgpee and credence goods). Therefore,
the outcomes of previous research obtained haviveds contributed to understanding
more how important are ORs for online sales anckaming the attention of the participants.

2.1, Structural and Semantic featuresinformation

Previous studies have focused in the analysisrantstal and semantic features to identify
helpful reviews for online consumers. The reviewghh is view as one of the most
essential structural features of ORs. Researches iiastrated that the length of the
review contributes to the helpfulness perceptidmemvthe review contains more words is
preview that has more valuable information [23-2&wever, the findings by [26] set that
exceed of number of words can diminish the helgfsdnperception. The moderation of
review length has a relationship with the polaritther researchers has found that negative
reviews are mostly long and more helpful than pasiteviews, the researches based their
results supported by the bias-negatively theoryahtablished that people judge better and
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strongly when something affects them negatively.[2fe influence of rating score in the
helpfulness has also been carefully studied, aegbthre studies that support that review
score has a positive influence when they are exrenated [28]. But, other studies say
that moderate rating is more helpful than extreatmg for products like books [29]. In
the context of semantic features, the polarityhef teview has indicated that there is a
relationship between the online review and itsisait [29]. Another study of semantic
features by [23], established that negativity tet@iave more value information that
positives due to people criticize something strongleen they don't like or affect them
directly.

2.2. Visual and auditory information

In Recent Years There are a few researches thatdtadied the influence of images and
videos to online review and found it as importattér such [30]. The outcomes of those
studies are based on the Media Richness theor§1$82] that describes as the ability of
get information to change understanding withimaetinterval. Also, established that the
ability to transmit needed information in a bettgdia can be perceived as more helpful.
The study by [12] compares the difference betwelea textual information and
visual/auditory information suggesting that theugibauditory information could be the
next generation of perceived helpfulness in OR%ré&lore, a better media for getting
information can enhance cognition for consumer$ [33

2.3. Types of goods

Extant literature has found that various factoremiine review have a different level of
significance that influence the helpfulness peiicepfor different types of goods. The
analysis that contrasts the consumer perceptiohetiffulness between product types
(search and experience goods) was studied by 4] fheir findings show that the
helpfulness determinants for Search goods havdferddit level of significance than
Experience goods. However, the data used in thadées have not been enough and one
of their limitations suggests incrementing the d&taother research support that some
online products have a mixed behavior. The studgrads the classification of the SEC
goods finding some online goods with search ancgapce goods characteristics, the
study used an interpretivism experiment in a usitusing students as participants [12].
While a few product types’ research examples aterpially relevant to understanding the
usefulness of reviews, the search, experience gpadsligm has proven particularly
helpful in explaining online shopping behavior.

Compared to other studies such as shown in Figjutke proposed study will use a
longer and more comprehensive database with atyaoie products retrieved from
amazon.com for each type of product. Moreovertteranalysis of polarity, the VADER
library in python has shown better results whenlyaiag contexts based on opinions.
Contrasting with previous studies, most of themehased sentiment analysis based on
searching for repeated words. Therefore, showsdtinns when calculating polarity. This
is because when writing an OR there is no order randinique structure, which has
complicated previous studies. Furthermore, othsearchers have not focused on how
useful visual and auditory information are for ORswadays buyers tend to upload more
complete reviews due to the fact that the sociegtéctronic commerce is becoming more
and more popular, also every year more online legsiencourage buyers to write better
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ORs through offers and discounts. For this reasmme customers tend to spend their time
uploading reviews with images and videos, aparnftbe fact that online platforms also
provide better benefits for buyers who write mageful reviews. So, based on the previous

information, previous researches differ outcomesditier with recently studies.

Table 1: Summary of contributions by previous researches

Factor Definition Prior finding Resear chers

Deter minant

Review Length Review length The review length (shor [35] [36]
review depth, word  moderate and long) [25] [37]

Review rating

Polarity

Country/Culture

Sentiment

Profileimagein
Onlinereviews

count, review
quantity

Star rating, extrem
rating

Sentimental Analysis Review polarity affect:

influence in the

helpfulness for different

types of goods and/or

services

Extreme reviews are mo [38][10]
helpful to consumers

when reviews are long

and accompanied by the
reviewers’ photos.

[39] [26]

positive, negative and helpfulness depending on

neutral reviews
content. Review
compound polarity.
sentiment score

Reviews fromr
different countries,
length, rating

semantic measure
review helpfulness,
Information entropy

Review attribute:
profile image/image
type

the sentiment it has,
moreover some of them
suggest that negative
reviews are more helpful
than positive or moderate
reviews.

Customers fron
individualistic cultures
are more likely to post
reviews, and their reviews
are longer.

The results show th
semantic Measure
behaves more as theory
suggests that it should
than the current vote-up/
vote-down based
measures do.

Have shown that th
presence of reviewer
profile image enhances
consumer's perceived
value of an online review.

[40] [41]

[42]

[43]
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Reader ship ORs from amazor Measures the reacship  [44]
Longevity, and the helpfulness of
helpfulness, ORs in amazon.com
readership, polarity

Linguistic Linguistic categories The linguistic categor [45]

Features Adjectives, state features were found to be

verbs, State Actions effective in predicting
verbs, Interpretive helpfulness of experience
actions verbs, and  goods.

descriptive actions

3. Resear ch model and hypothesis

For the adaptability of the research, the modé&ligure lillustrates two important groups
of factors that determine the helpfulness of ORlsesE are the visual and auditory
information, and the semantic and structural festumformation. Since the differences in
the nature of information seeking in search, exgme@ and mixed goods, this model
addresses the research objectives, and integefalious mention theories (economics
of information, media richness and negativity-bilagories) to explain the influence of
those factors with the dependent variable “helss#i of ORs.

. Visual and Auditory information

Quantity images

) A
Video
¢ v
Product Type: )
r " 1 Review
-~ MG €6 Helpfulness
Semantic and structural Features ' - o
Sentiment ] ' A

Length | v

Score Rating v

Date-days

Note: SG: Search Goods, EG: Experience Goods, MG: Mixedds
Figure 1. Research Model

For the fact that Search goods Mixed goodsemaluating for the features and
characteristics it possesses, and also that theunwer can easily get information in the
product’'s description and characteristics; Theefamages or videos can support that
information and/or contrast it with other infornati already obtained [12]. Moreover,
supported for the Media Richness theory by [31] M@eos and/or images are medias
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where someone can easily observe and get informathe visual and/or auditory
information can facilitate, complement and satistiee shopper information seeking [46]
for search and mixed goods. For this reason, thedioposed hypothesis is:

H1: Visual and auditory information has a positintuence in the helpfulness for
Search goods and mixed goods than experience goods.

In the case of experience goods, they carassmssed after and during its
consumption, and the satisfaction experience cadifferent and often depend of the
consumer’s point of view of the product that theavda purchased. Thus, those online
reviews can differ easily by the experience obwhinethe perspective of the information.
So, images and videos may not be significantly faelpecause they cannot give to the
reader the complement of the information seekind,far this type of good because of the
increment of information technology, the overaburtdaof information has been more
problematic than the lack of information [47]. armore, due to there are different
opinions of the buyers when writing reviews, thasiomers can find ORs which are much
longer, well expressed, clearly and usually cornt¢tady more helpful than ORs that are
short, where these short ORs can be mostly foutiteicategory of Search goods [10] and
now more often showing images and/or videos. Thiagpothesized that:

H2: Length of the online review has a positivituiance in the helpfulness for
Experience good than Mixed and search goods.

An OR published during a lot of time has mprebability to be read it by the
consumers. As higher is the time or longevity pdsiEthe ORs in the platform is also
more probable to get helpful votes [44]. Moreovhis type of factor can show the same
positive influence to every type of products anadg in the platform because most
platforms such amazon will not show the newestewsifirst in the review section and it
makes new ORs less probable to get helpful voesth® next hypothesis to be test is:

H3: The time of the OR published (date-days) infleeein the helpfulness of the
online review for Search, Experience and Mixed Good

Previous analysis has showed that custonesics to mostly rated a product as
extremely negative or positive (1 or 5 stars) [R6] in the research of [10] was found that
ORs with moderate score rating are more helpfuh tbéhers for products that are
experience-based, and this is because for theseiqgisothere are many opinions for one
product among the reviewers. In the case of segoolds the opinion of the product must
have similar opinions among the others becausedteejidge before you buy the product.
Moreover, until now have not been proved how tlgesinfluence in mixed goods but due
the mixed goods tents to have the characteristiasearch goods we can assume that this
type of goods can has outcomes similar to searcddgjoFollow the case, my next
hypothesis is:

H4: The Score-rating in ORs has a positive inflgeimncthe helpfulness for Search
and Mixed goods than Experience goods

The Theory of negativity-bias establishes tiegative opinions or expressions can
be more helpful than others (either positive or eratke). But since there is a better use of
the media in ORs might be different from the reswf previous researches. In the
sentimental analysis, using the library VADER frpgthon was obtained a better accuracy
to test the polarity [48]. Consumer can classifyiren review as positive, neutral or
negative (depending of its polarity). Based in Megativity Bias theory and the study of
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previous studies [21] [18], establish that negatiténds to be more helpful than positive
and neutral ORs, for experience goods that custwmrem judge the product during its
consumption, also they can be more expressivehentbinsumers can have different critics
about the product the theory can be supporteticother hand, for Search goods we found
that people opinion about the product are no derdifit, and this is because they can get
the information of the product before buy it anctesupport the information with the
visual and auditory information found it in the OR#ierefore, for search goods is easier
to get positive review than negative. Therefore,rtbxt hypothesis is:

H5: Negative ORs are more helpful than positive amoderate for search,
experience and mixed goods.

The length and the sentiment are variables ithve shown influence in the
helpfulness and might have relation between thenmexperience goods mostly can be
observer that reviews are longer and opinions temtde more sentimental than other types
[10]. The sentiment may influence vast more in Empan shorter ORs. As we know in
Experience goods are much longer than the sentimayntshow influence in the length, in
this case if the review are short and inconsisteay cause the loss of emotion and
sentiment such in search goods. Therefore, we yaatlmesize that:

H6: Sentiment of ORs plays a significant moderatialg on the relationship
between Length of ORs and Helpfulness for expedayunds.

Most of These hypotheses are supported legttireories, and is expressed in the
proposed model, differing with other models sugegdbefore, these hypotheses also
update previous old models that has lost consisteatto the time and the evolution of
ORs as important tool for purchase decisions. lditesh, the recently Covid-19 has
impulse more consumers to get into more in e-coroentgndency in consequence ORs
also have vastly increased and paid more attef@jn

4. Methodology

4.1. Data collection

For this research, | collected ORs from differgypes of goods (SG, EG, MG), and
products from Amazon.com to expand the data. Tkee adlected prioritizes the ORs that
the purchase has been confirmed, ORs without paeckanfirmation must reduce the
credibility for the buyers and might generate caRjty for the analysis and prediction.
Products such laptops, cameras and Macs were aiseake the analysis for search goods
as also previous researches has suggested ie tasie of experience goods were products
such books, video-games and movies. And lastlyiiged goods, were use products such
backpacks and suitcases. Further, the study josidas ORs that has been written in
English. On the other hand, ORs written in othagleage weren’t include because might
cause negative influence in the analysis of tha dat the sentimental analysis. For this
research, | collected in total 17,119 ORs from 3higpes of good of goodshows the
details of the data.

After the data collection, ORs with less than 3gfidivotes were eliminated from the
analysis because as previous researches [6] ahd[##ors argued that the analysis must
consider reviews that assure number of votes.

For the data collection, a code in Python 3.9 wagiammed by the author to crawl
the necessary information of 238 products in amamon. Web crawling facilitated the
data collection and can filter most possible inaamignt. Web crawler, can extract the

92



Difference Analysis and Prediction of the Helpfidaen Online Reviews of Experience-
based, Search-based, and Mixed-based Goods

information of every product using software nanggiders. All the ORs were parsed and
conditioned according to the priorities. For thealgsis, we prioritize the following
conditions to collect the factors of ORs as datseba

Table 2; Information of data collected for SG, EG and MG

Type  Number

of of Number Valid Product References
of ORs ORs Research

Goods products

81 online Cameras, Laptops [50]
G products 5638 1530 and Mac-books

. Books, Vide«

g [7Online o715 1526 games PS4 and [10] [34]

Products .

PS5, music player

80 Online Backpacks an

MG Products 577l 1020 Suitcases [12] [51]

(1) Purchase confirmation: All ORs must have been @agell confirmed because those
ORs are more credible and trustful.

(2) Minimum ORs by product: Products with less tharj5Z4], weren'’t considered in this
research because cannot illustrate whether therhtgiy dispersion is at work.

(3) Quantity ORs by product: | extracted approximatéty ORs randomly for every
product to increase the significance of the re$earc

(4) ORs in English: All ORs must been written in Enlglie avoid error in the sentimental
Analysis using the library VADER in python.

(5) ORs with Content: ORs in blank weren’t considered.

(6) Factors in ORs: Review Length, Review Rating, $eatital Analysis, Quantity of
images, whether there is video, helpfulness_2, fdielpss Votes and Date-days
(number of days since the OR was published).

4.2. Definition of variables

(1) Independent variables

we categorized the independent variables in twaiggpthe structural and semantic
features information, and the visual and auditofgrimation where are compounds by the
length, review rating, date-days and the sentinperérity for the first group and the
guantity of images and video for the second gregpectively.

(2) Dependent variable

For the dependent variable was consider 1 typevlery ORs which was analyzed in base
of total votes from other customers HelpfulnesesoT he total number of votes that the
OR has received until the date of the extraction

(3) Moderating variable

Sentiment is hired as moderator in our model. Swrit analysis will carried out based on
the sentiment dictionary. The three yield valugsd;land 1 refers to negatively-framed,
neutrally-framed, and positively framed online eavs. In our model, the sentiment is
supposed to play moderating role on the path bet@é#ts Length and Review Helpfulness.
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5. Data analysisand results

Firstly, the descriptive statistics was checkeddeery type of good (SG, EG and MG).
This analysis helped to visualize and determinedtrection of the research. As it can be
observed in Table 3, we found an over dispersiom tduthe standard deviation (SD) is
bigger than the mean for some variables includimgnegative and integer variables such
Helpfulness Votes and Review Length. Therefore atteysis must be adjusted using log-
transformation [44] [53].

Table 3: Descriptive Analysis for SG, EG and MG

Variables Sear ch Goods Experience Goods Mixed Goods
Mean(Standard Mean(Standard Mean(Standard
Deviation) Deviation) Deviation)
Scor eRating 3.52 (1.613¢ 2.861 (1.704 3.704 (1.671
Sentiment 0.418 (0.85¢ 0.063(0.954 0.508 (0.821
Length 120.1 (134.% 148.5 (174.% 126.5 (103.¢
I mages(number) 0.55 (1.18¢ 0.12 (0.616¢ 0.549 (1.44¢
ReviewVideos 0.051 (0.221 0.002 (0.05C 0.015 (0.12¢
HelpfulnessVotes 33.94 (77.71 44.06 (102.¢ 27.17 (105.2
Visual& Auditory 0.2276 (0.41¢ 0.056 (0.23¢ 0.340 (0.47¢
Date-Days 527.1 (373.€ 527.1 (454.1 603.0 (480.%

Note: Type of goods-Based Dai&-Descriptive statistic; Sentiment analysis: -1, 0, and 1
reflecting Negatively-framed, Neutrally-framed oodRively-framed ORs respectively;
Review rating: 1, 2, 3, 4 or 5; Review length and date-days: positive integer; Helpfulness
Votes; Positive integer. Visual and Auditory; 0 and 1 reflecting is the review contents
whether Images/Videos or neither respectively.

Moreover, in the descriptive analysis we canhliggnt some important points. As
expected before, we can observe that for searathsgarmd mixed good there are more ORs
with videos and images than experience goods. Koergence goods, the mean of the
review length shows that ORs are mostly longer,thedjuantity of images and videos are
much less evident than the other types of goods.

For this research | considered to use the tlegBinomial regression to test our
hypothesis because that model might follow thisreagh, and also to control the over
dispersion in our variables. So, the equation 04 praposed and tested for every type of
good independently to analyze our hypotheses peappreviously.

log(HelpfulnessVotes)%
= B0+ Bllog(Length) + B2log(Date — Days)
+ B3log(Sentiment * Length) + 4 (Visual&Auditory)
+ f5(Sentiment) + f6(ScoreRating)

Furthermore, we analyzed the correlation anthegndependent variables using the
correlation matrix for the previous equation. Thém,table 4 we can observe high
correlation among the independent variables fomewtgpe of good. Therefore, this
analysis gave us more confident to proceed andeimght the Negative binomial
regression analysis.
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Table 4: Correlation matrix of between SG, EG and MG

Variable-SG ScoreRating Sentiment Length Visual&Auditory  Date-
Days

1.Scor eRating-SG 1

2.Sentiment-SG 737 1

3.Length-SG .034* .86** 1

4.visual& auditory- .084** .064* .130* 1

SG

5.Date-Days-SG 0.018 0.002 0.068** .020 1

Variable-EG ScoreRating Sentiment Length Visual& Auditory  Date-
Days

1.ScoreRating-EG 1

2.Sentiment-EG .631** 1

3.Length-EG .030* .016 1

4.visual& auditory- -0.038** -0.009 .058** 1

EG

5.Date-Days-EG .107** 107** 119** -.008 1

VariableMG ScoreRating Sentiment Length Visual& Auditory  Date-
Days

1.ScoreRating-M G 1

2.Sentiment-M G .681** 1

3.Length-MG .021 .095** 1

4.visual& auditory- -.104** -.070** 122%* 1

MG

5.Date-Days-M G -.011 -.023 277 .035** 1

** Correlation is significant at the 0.001 leveH@led). * Correlation is significant at the
0.05 level (2-tailed).

After the descriptive and the correlation matrixalgges, we conducted the testing of
our hypothesis. The regression analysis for ountgp were significant with at p<0.001
for every type of product. | also checked the gobditness to make sure if the over
dispersion was controlled and make sure the neghtivomial was the right choice. The
good of fitness was 1.165 for search good, 1.18@&xXperience goods and 1.177 for mixed
good. The results of good of fithess make sure dbatanalysis using negative binomial
regression was the correct choice for our reseggciation.

Regression results are shown in Table 5.dwshthat for the relation between the
visual and auditory information and the helpfulnésssignificant positive (B=0.532,
P<0.000) for Search goods, positive but no sigaifiqB=0.036, P<0.905) for experience
goods and (B<0.186, P<0.016) positive and significkor mixed goods then, the
hypothesis H1 clearly supported. For our seconathgsis H2, the results of the relation
between the length of the OR and the helpfulnessvshhat is significance and barely
positive (B<0.077, p<0.017) for search goods, Sicgmice and positive (B=0.168, p<0.000)
for experience goods and no significance and baaditive (B=0.045, p<0.370) for mixed
goods. Thus, the H2 is slightly supported. The auies between the number of days since
the OR was published and the helpfulness for ety of goods shows to be strong
significant and positive (B=0.576, p<0.000), (B=123p<0.000) and (B=0.218, p<0.000)
for search, experience and mixed goods respectisghporting strongly our H3. The
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results between the Rating and the helpfulnes tpdsitive and significance (B=0.290,
<0.000) for Search goods, barely positive and goifitance (B<0.014, p<0.108) for
Experience goods and positive and significance (8% p<0.000) for Mixed goods to
conclude supporting H4. For the results betweenstdmiment and the helpfulness the
results were based in a categorical way where wasdfthat in fact negative reviews are
mostly helpful than positive and neutral (For Sesetit = 1, B=0.739, p<0.036; Sentiment
= 0, B=0.461, p<0.038 both with respect to sentiment =0) for Search goods; (For
Sentiment =}, B=1.325, p<0.000; Sentiment = 0, B=-0.410, p<0.041 both with respect to
sentiment =0) for Experience goods and (For Semtimel, B=0.322, p<0.540; Sentiment
=0, B=-0.026, p<0.937 both with respect to sentimd) for Mixed good, showing that
H5 is semi-supported because has not shown signde for Mixed goods. For the last
hypothesis, the relationship between the influenfcéhe sentiment in the length of the
review with the helpfulness was found that is jaapported for experiences Goods
(B=0.078, p<0.01), in the case of Search and MBedds the relationship was found that
is not significant (B=-0.008, p<0.806), (B=-0.0413;,0.470) respectively. So, finally the
last hypothesis H6 is supported.

In conclusion for most of the hypothesis testadexception of H2 that is barely
support, are supported in this research.

6. Discussions

The findings were based in the investigation ofdffect of two important groups, and the
helpfulness of online reviews in amazon.com. Resshow that in fact there are

significance different perception among the proslugpes. Also, we can highlight some
points in this analysis, the first is the quantifyimages and videos (visual and auditory
information) have been increasing and been postg€dRs for Search and Mixed goods
that now more researches can consider on investihét effect for other platforms or

broader studies. The second point rely in the sentt analysis, indeed this factor has
significance relation with the length of the reviéw experience goods. However, due to
the library VADER that was used in this researahfifd the polarity of the sentiment of

the online review, cannot rely for some sarcasmments in reviews and it must be

improve. The sarcasm can be harmful in the prook#ise sentiment analysis but can be
improved in futures researches with better sentiraralysis skills or methods. In general
this study has expanded a broader information aadted the field of the helpfulness in

online reviews for amazon.com.

An expected finding was the relationship betwd® number of days since the online
review was published (Date-days) with the helpfafet has been found significant
positive between those variables for every typgaafd. In conclusion that indeed online
reviews that have more time published are morefllegnd easy to be perceived for
consumers. Even though Amazon.com has an optiire iplatform to show newest review
first, it has not affected in the perception ofledpfulness for older online reviews. Finally
this findings can help online business vendorsniplément better strategies to satisfy
shoppers and reduce hesitation and make fastesialesiwhen buying goods.
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Table 5: Negative binomial regression for Search, ExperiermkMixed Goods

Votes Search Goods  Votes Experience Votes Mixed Goods
Helpfulness Helpfulness Goods Helpfulness
B Wal S B wal S B wal S
d g. d g. d g.
Chi- Chi- Chi-
Squ Squ Squ
are are are
Visual& Au 53 512 .0 Visual&Au .03 0.07 .7 Visual&Au .18 580 .0
ditory 2 51 0C ditory 6 4 4C ditory 6 0 1€
Length .07 566 .0 Length 16 312 .0 Length .04 078 .3
7 4 17 8 19 00 5 0 70
Date-Days .58 153. .0 DateDays 31 581 .0 DateDays 25 331 0
3 962 00 1 49 00 6 39 00
ScoreRatin 29 612 .0 ScoreRatin .01 258 .1 ScoreRatin .32 603 .0
g 0 12 00 g 4 6 08 g 5 0€ 0OC
[Sentiment 73 439 .0 [Sentiment 1.3 186 .0 [Sentiment 32 037 5
=-1] 9 3 36 =-1] 25 82 00 =-1] 2 5 40
[Sentiment -4 430 .0 [Sentiment 41 418 .0 [Sentiment -0 000 .9
=0] 61 4 38 =0Q] 0 1 41 =Q] 26 7 37
[Sentiment O [Sentiment  Oa [Sentiment O
= 1] = 1] = 1]
Sentiment* -0 .060 .8 Sentiment* .07 636 .0 Sentiment* -0 052 4
Length 08 06 Length 8 0 12 Length 40 3 70

7. Limitations and futuresresearch

Most of the previous research has studied onlimewes helpfulness when Amazon.com
used to provide the number of readers that provideds of helpfulness with the total
votes for every online review. However, this infation is not provided anymore so, this
study has put a proof this limitation and othereegshes can also support this test and
upgrade the research field. Another important htigin of this research can be also of
products from different industries to evaluate awupport our findings. Moreover,
limitations in our independent variables, is theayal source of factors use in this research.
Posteriors researches can make more specific grahdxhe number of factors such the
gender or the product target (whether the produdorn kids, young or older persons).
Limitations in the sentiment analysis can be ex¢endecause of the lack of cultural and
different language data analysis. This researchusasonsidered online reviews written
in English, in consequence, the analysis can bergére for a wide complete population,
and futures researchers can consider extendingati@k/sis considering more language
and cultural emotion analysis.
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