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PRODUCT FEEDBACK EVALUATION AND SORTING

CROSS-REFERENCE T RELATED APPLICATIONS
[0661]

This application claims the benefit of priority to U.S. Uslity
Application No. 15/282 571, filed September 30, 2016, which claims

priority from U.S. Provisional Pat. App. No.62/352 551, titled “PRODUCT
FEEDBACK EVALUATION AND SORTING” and filed June 20, 2016, the

disclosure of each of which is hereby incorporated by reference in is enfirety.

TECHNICAL FIELD
{8602} Embodiments of the present disclosure relate generally to

evaluation of product feedback, and more particularly, but not by way of

himitation, to machine based evaluation and sorting of product feedback and/or

TeVICWS.
BACKGROUND
{6003] Conventicnally, systems are configured to receive focdback

regarding products and/or services received by consumers or users of the system.
In some examples, the feedback mcludes single words, poordy structured
language, waccurate facts, or nrelevant comments. In other examples, feedback
includes an accurate analysis, mature language, or helpful perspective,

004} In some examples, a system receives thousands of feedback
comments and sorts them according to time. In another example, the feedback
comments are sorted according to an accumdation of ikes from other users.
Distinguishing useless or irrelevant teedback from helpful insight or valuable

comments is challenging.

BRIEF DESCRIPTION OF THE DRAWINGS

[005] Various ones of the appended drawings merely illustrate example
embodiments of the present disclosure and cannot be considered as limiting its
sCope.

{8006} FIG. 1 15 a block diagram illustrating a networked syster,

according to some example embodiments.
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[B007] Fi€s, 2 15 a schematic block diagram llustration a feedback
evaluation system according to ong ¢mbodiment.

[0008] FiG. 3 15 a flow chart diagram illustrating one crobodiment of a
method for product focdback evaluation and sorting.

{6609} FIG. 4 is another flow chart diagram tllustrating one embodiment
of a method for product feedback evaluation and sorting.

{0018] FiG. 8 is a diagram dlustrating one example embodiment of
coordinated operations between a feedback evaluation system and a machine
learning system.

{0011} FIG. 6 15 a block diagram illustrating an example of a software
architecture that may be installed on a machine, according to some example
embodiments.

{06612} Fi(. 7 illustrates a diagrammatic representation of a machine o the
form of a computer syvstem within which a set of instructions may be executed
for causing the machine to perform any one or more of the methodologies
discussed herein, according to an example embodiment.

{0013} The headings provided herein are merely for convenience and do

not necessarily affect the scope or meamng of the terms use

DETAILED DESCRIPTION

[0014] The description that follows includes systems, methods, techniques,
mstruction sequences, and computing machine program products that embody
tHustrative embodiments of the disclosure. In the following description, for the
purposes of explanation, numerous specific details are set forth in order to
provide an understanding of various embodiments of the mmventive subject
matter. It will be evident, however, to those skilled in the art, that embodiments
of the inventive subject matter may be practiced withowt these specific details.
In general, well-known instruction instances, protocols, structures, and
technigques are not necessarily shown m detail.

601 5] In various example embodiments, a system as described herein,

ollects user interaction data that indicate how previous users have interacted

[¢]

with available products. As users view different types of feedback and either
purchase or leave the system in a period of time or in a contiguous user session,
2
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the data is stored in a database of user interactions.

HEBEY Over time, as thousands, or millions of user interactions are
recorded, a system tramns a machine learning svstem (FI1G. 1 216) on the user
mteraction data to learn how certain feedback comments intluence user behavior.
In some example embodiments, certain types of feedback comments increase
sales of a product. In other examples, feedback comments of a certan length
merease a user’s likelihood of leaving the svstem. In another example
embodiment, feedback written at or above a certain grade level are given higher
marks by readers of the fecdback. In still other example embodiments, use of
terms included in a description for the product increases a user’s likelihood of
purchasing the product. In one example embodiment, feedback variance from an
average feedback rating has a greater influence on user behavior.

{66171 In certain example embodiments, the machine learmning system 219
is configured 1o optimize a specific optimization function. As the system trains a
machine learning systern 210 based on user interactions and using the
optimization fimetion, the machine leaming systemn 218 is configured to gencrate
a quality rating for the mdicated optimization function. In other example
embodiments, the machine leaming system 219 is configured to generate
separate quality ratings for separate optimization functions.

{0618} In some example embodiments, the system then collects feedback
comments for a specific product available at a network-based marketplace. In
one example, the svstem retrieves the feedback comments from a database that
stores the comments. In another example embodiment, the system applies the
trained machine learning system 218 to the feedback comments for the specific
product resulting in a quality rating for each of the feedback comments. The
system may then sort the feedback comments according to the quality ratings
and an associated optimization fimetion.

[0019] In certain cxample embodiments, the system betier evaluates
feedback comments and learns to determine a quality rating for feedback
comments. Accordingly, the svstem generates a quality rating for a product
although there are relatively few comments. In one example, the system trains a
machine fearning svstem 218 on nuthions of feedback comments, but then

applies the machine leaming svstem 210 to comments for a product that includes

~
D
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less than five comments.
[0620] With reference to FIG. 1, an example embodiment of a high-level
chient-server-based network architecture 180 is shown. A networked system
102, in the example forms of a network-based marketplace or pavment system,
provides server-side functionality via a network 184 (¢ g, the Intemet or wide
area network {WAN}) to one or more clignt devices 118, FIG. 1 illustrates, for
cxample, a web client 112 {c.g., a browser, such as the Intemet Explorer®
browser developed by Microsofi® Corporation of Redmond, Washington State),
an application 114, and a programmatic client 116 executing on client device
116,
{8621} The chent device 1310 may comprise, but are not himtted to, a
mobile phone, desktop computer, laptop, portable digital assistants (PDAs),
smart phones, tablets, ultra books, netbooks, laptops, multi-processor systems,
microprocessor-based or programmable consumer electronics, game consoles,
set-top boxes, or any other communication device that a user may uvtilize to
access the networked system 102, In some embodiments, the chient device 110
may comprise a display module (not shown) to display information (e.g., inthe
form of user mierfaces). In further embodiments, the chent device 116 may
comprise one or more of a touch screens, accelerometers, gvroscopes, cameras,
microphones, global positioning svsiem {GPS) devices, and so forth. The client
device 110 may be a device of a user that is used to interact with networked
gystem 102. In one embodiment, the networked system 102 is a network-based
marketplace that responds to requests for product listings, publishes publications
comprising ttem listings of products available on the network-based
marketplace, and manages payments tor these marketplace transactions. In
another example embodiment, the networked system 102 received feedback
comments from users of the networked system 102, One or more users 186 may
be a person, a machine, or other means of interacting with client device 116, In
embodiments, the user 186 1s not part of the network architecture 166, but may
mteract with the network architecture 108 via client device 118 or another
means. For example, one or more portions of network 184 may be an ad hoc
network, an infranet, an extranet, a virtual private network (VPN), a local area
network (LAN}, a wireless LAN {(WLAN), a wide area network (WAN}, a

4
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wireless WAN (WWAN), a metropolitan area network (MAN), a portion of the
Internet, a portion of the Public Switched Telephone Network (PSTN), a cellular
telephone network, a wircless network, a Wik network, a WiMax network,
another type of network, or a combination of two or more such networks.

0622} Fach of the client device 110 may include one or more applications
{also referred to as “apps”) such as, but not imited to, a web browser, messaging
application, clectronic mail {(email) application, an e~commerce stte application
{also referred to as a marketplace application), and the like. In some
embodiments, if the e-commerce site application 1s included in a given one of
the client device 118, then this application 1s configured to locally provide the
user interface and at least some of the functionalities with the application
configured to communicate with the networked system 182, on an as needed
basis, for data and/or processing capabilities not locally available {e.g., access to
a databasc of items avatlable for sale, to authenticate a user, to verifv a method
of pavment, etc.). Conversely if the e~commerce site application 1s not mcluded
in the client device 118, the client device 118 may use its web browser to access
the e~commerce site {or a variant thercot) hosted on the networked system 162,
In one specific examples, the client device 110 includes a web browser that
receives a user interface allowing the user to provide one or more feedback
comments for a product available via the networked system 182.

{0023} One or more users 106 may be a person, a maching, or other means
of interacting with the client device 116, In example embodiments, the user 106
ts not part of the network architecture 100, but may interact with the network
architecture 160 via the client device 118 or other means. For instance, the user
provides input (e.g., touch screen input or alphanumeric input) to the client
device 110 and the input is commanicated to the networked system 162 via the
network 104, In this instance, the networked system 102, in response to
receiving the mput from the user, communicates information to the client device
§18 via the network 104 to be presented to the user. In this way, the user can
mteract with the networked system 102 using the client device 116

10024} An application program interface (AP server 126 and a web server
122 are coupled to, and provide programmatic and web interfaces respectively
to, one or more application servers 140, The application servers 140 may host

5
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one or more publication systems 142, payment systems 144, and/or the feedback
evaluation system 150, each of which may comprise one or more modules or
applications and cach of which may be embodied as hardware, software,
firmware, or any combination thereof. The application servers 140 are, in turmn,
shown to be coupled to one or more database servers 124 that facilitate access to
oneg or more information storage repositories or database(s) 126. In an example
embodiment, the databases 126 are storage devices that store mformation to be
posted {¢.g., publications or listings} to the publication system 128, The
databases 126 may also store digital item information in accordance with
example embodiments. In one example cmbodiment, onc database server 124
stored feedback comments from users of the networked system 102, The
database 124 may also store user mteractions with the networked system 102
{0625} Additionally, a thied party application 132, exceuting oo third party
server(s) 136, is shown as having programmatic access to the networked system
182 via the programmatic intertace provided by the API server 128, For
example, the third party application 132, utilizing information retrieved from the
networked system 192, supports one or more features or functions on a website
hosted by the third party. The third party website, for example, provides one or
more promotional, marketplace, or pavment functions that are supported by the
refevant applications of the networked system 162.
[0026] The publication systems 142 may provide a number of publication
functions and services to users 106 that access the networked svstem 162, The
payment systems 144 may likewise provide a number of functions to perform or
facilitate payments and trapsactions. While the publication system 142 and
payvment system 144 are shown in FIG. 1 to both form part of the networke
system 102, 1t will be appreciated that, in alternative embodiments, cach system
142 and 144 may foom part of a payment service that is separate and distingt
from the networked system 102, In some embodiments, the payment systems
144 may form part of the publication systemn 142,
{6027 The personalization system 150 may provide functionality operable
to perform various personalizations using the user selected data. For example,
the personalization svstem 150 may access the user selected data from the
databases 126, the third party scrvers 138, the publication system 128, and other
)
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sources. In some example embodiments, the personalization system 156 may
analyze the user data to perform personalization of user preferences. As more
content 15 added to a category by the user, the personalization system 158 can
further refine the personalization. In some example embodiments, the
personalization system 180 may communicate with the publication systems 120
{¢.g., accessing item listings) and payment system 122, In an alternative
crbodiment, the personalization system 150 may be a part of the publication
system 128,
[3028] Further, while the client-server-based network architecture 100
shown in FIG, 1 cmploys a client-server architecture, the present inveuntive
subject matter 1s of course not limited to such an architecture, and could equally
well find application in a distributed, or peer-to-peer, architecture system, for
example. The various publication system 142, payment system 144, and
personalization svstem 150 could also be implemented as standalone software
programs, which do not necessanly have networking capabilities.
[06029] The web client 132 may access the various systems 142, 144, and
1560 via the web interface supported by the web server 122, Suilarly, the
programmatic client 116 accesses the various services and functions provided by
the publication and payment systems 142 and 144 via the programmatic interface
provided by the APY server 128. The programmatic client 116 may, for example,
be a seller application {¢.g., the Turbo Lister application developed by cBay®
Inc., of San jose, California) to enable sellers to author and manage listings on
the networked system 192 in an off-line manner, and fo perform batch-mode
communications between the programmatic chient 116 and the networked system
102,
{8634} Additionally, a third party application{s} 128, exccuting on a third
party server{s) 136, is shown as having programmatic access to the networked
system 102 via the programmatic interface provided by the APl server 114, For
example, the third party application 128, utilizing information retrieved from the
networked system 182, may support one or more features or functions on a
website hosted by the third party. The third party website may, for example,
provide one or more promotional, markeiplace, or payment functions that are
supported by the relevant applications of the networked system 102,

7
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{6031} Fi€s. 2 15 a schematic block diagram lustration 200 a feedback
evaluation system 156 according to one embodiment. In one example
embodiment, the feedback evaluation svstem 180 mcludes a learning module
226, a feedback module 246, a machine learnimg system 216, and a sorfing
modele 260

{0632} In one example embodiment, the learning module 220 15 configured
to train a machine [carning svstem 216 on feedback from a plurality of users and
user interaction data from those users. As a result of the machine leaming
system 210 training on user feedback comments and user interaction data, the
machine learning system 218 learns to generate a quality rating for teedback
conuncents.

{8633} In another example embodiment, the feedback evaluation system
150 is configured to log user interaction data with the networked system 102,

As users view feedback conmments and perform other actions with the networked
gystem 102, the machine leaming system 210 learns how certan teedback
comments tnfluence user interactions.

[0034] In some example embodiments, the leaming module 220 logs user
mteractions over a period of ime. In one example, the period of time 18 one day.
In another example embodiment, the learning module 220 logs user interactions
i a user session. In another example embodiment, the keaming module 228 logs
user interactions on a “mission” basis. In onc example, a mission includes a
time when a user begins looking for a product, and when the user purchases the
product.

HEIRRY In one example embodiment. the leaming module 2286 trains the
machine fearning system 218 on any and all aspects, features, or properties of a
feedback comment. In one example embodiment, the leaming module 228 trains
the machine leaming system 219 using a length of feedback comments. In one
hypothetical example, as users tend to leave a product page in response {0 a
fecdback comment that is shorter than 20 characters, the machine leaming
system 218 learns that feedback comments that are fess than 20 characters in
length tends to decrease user likelihood of purchasing a product.

{00306} In one hypothetical example embodiment, the machine leaming
system 216 may learn that feedback comments that are limited to comments such
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as. but not himited to, “1 liked 1.7 “awesome,” “thanks.” or the like, do not
mcrease a user’ s hikelthood of purchasing the product. In response, the machime
learning svstem 210 assigns a lower quality metric to the feedback cormment
because 1t does not appear (2.2, based on a statistical hkelihood according to
previous data used to train the machine learning system 218) to influence user
mteractions with web pages that display the product.

{0037] In another example embodiment, the learning module 220 gauges a
reading level for the feedback comments. As one skilled in the art may
appreciate, a reading level may be determined for a segment of toxt based, at
least in part, on terms used, granuunar, average sentence length, or the like. In
this example embodiment, the learning module 226 determines a reading level
for the feedback comments. In a hypothetical example, as a higher percentage of
users that view feedback above a certain reading level tend to purchase the
product, the machine learning svstem 210 leams that such comoments increase
likelihood that users will purchase the product.

[B038] In one hypothetical example embodiment, the machine learning
system 210 may leam that a feedback comment written at a reading level above
the 8™ grade (as one skilled in the art may appreciate}, the feedback comment
mfluences user interactions, while a feedback comment written above the 129
grade reading level decreases user mteractions. In such examples, the machine
leaming system 210 may assign a higher guality rating for a feedback comment
written at a 10" grade level and may decrease a quality rating for a foedback
comment written at a 14™ grade reading level. Of course, the machine learning
system 210 may discover other correlations.

{0039} In one example embodiment, the leaming module 220 determine
whether or not the feedback comment uses correct grammar. As one skilled in
the art may appreciate, the feedback comment may be analyzed for correct
grammar. In one example, the learning module 220 uses natural language
processimg to analyze grammar. In a hvpothetical example, in response to users
who view a feedback comment that uses incorrect grammar and subsequently do
not purchase the product, the machine learning system 218 learns that foedback
posts that include incorrect grammar decreasc likelihood that users will purchase

associated products.



WO 2017/223078 PCT/US2017/038324

j3348] In another example embodiment, the leaming module 228 trains the
machine lcarning system 219 to learn how feedback comments engage the user.
In one example, the machine learning system 216 may that particular feedback
comments that include terms used by the description or title for the product
merease user interactions with the product. In response, the machine leaming
system 218 learns that feedback comments including such terms increase user
mteractions. Correspondingly, the machine lcarning system 210 increases a
guality rating for such feedback comments becaunse they increase user
mteractions.

10041} In one exarmple embodiment, the leaming module 220 modifics a
guality score for a feedback in response to the feedback ncluding specific
predefined terms. In one example, the predefined terms inclade profamty
according to the langoage of the feedback and in response, decreases a quality
score for the feedback. In another example embodiment, the leaming module
228 mncreases the quality score for the feedback m response to the feedback

¥ ¢

mclading, “seller,” “shipping,” or other terms that imply relevant feedback.
10042} In one example embodiment, the leaming module 226 trains the
machine learning system 218 to learn how teedback completeness affects user
mteractions. In one hypothetical example embodiment, the machine leaming
system 218 may learn that mncomplete feedback comments do not icrease user
engagement. In one example, a feedback form includes 5 difterent selections
and a user providing feedback may onlv complete 4 of the selections. In
response to such an incomplete feedback, the machine leaming system 218 may
assign a lower quality rating to the foedback because it does not affect or
decreases user interactions.
{6843} In another example embodiment, the learning module 220 trains the
machine learning svsterm 219 io learn how feedback acouracy affects user
mteractions. In one example embodiment, the machine leaming system 210 may
cam that inaccurate feedback comments decrease user interactions and/or
decrease user likelthood of purchasing the product. In response, the machine
learning system 2190 assigns a lower quality rating to such feedback comments.
In one example, the feedback comment is maccurate because it deseribed an
meorrect size, incorrect color, incorrect purpose or application, or other incorrect
10
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feature of the product.
10044] In one example embodiment. the leaming module 2286 trains the
machine lecarning svstem 210 to learn differently for cach product category. In
this example, the machine leaming system 218 separates product category and
leams how different feedback comments in different categories affect user
mteractions and/or user hkelihood of purchasing a product. In one example,
feedback comments in an electronics category atfect users different than similar
feedback comments 1n an artistic category.
10045] In another example embodiment, the learning module 224 trains
using product age or feedback age. In one example embodiment, the learning
module 228 trans using feedback variance from other feedback ratings. In one
example, an average of feedbacks rate of a particular product as a four out of
stars. In response o a particular feedback rating being one star out of five stars,
the machine learning system 210 may increase or decrease a quality rating for
the particular feedback comment based, at least in part, on how smular feedbac
comments (e.g., feedback comments with a similar vanance} imfluence user
mteractions with the networked systom 162,
[6046] In one example embodiment, the leaming module 220 trains using
feedback relevance. In one example, feedback relevance is measured using
feedback terms that match terms in a set of predefined relevant terms. In one
example, relevant terms for an awtomobile include style, color, speed,
performance capabilitics, braking, features, audio svstems, etc. In response to a
particular feedback comment not addressing any of the predefined relevant
terms, the machine learing system 218 may leam that feedback ratings that do
not include any of the relevant terms to not increase a user’s interactions with the
networked system 102 whereas feedback comments that address relevant terms
are assigned a higher quality rating.
[0047] In another example embodiment, a rating of the user providing the
feedback 1s included in the machmne learming functions. Accordinglv, as a
particudar user frequently generates highly rated feedback comments, the
machine lcarning system 219 may mcrease a quality rating for feedback
comments received from the user. Tn another example embodiment, as a
particular user consistently generates lower rated feedback comments, the user’s
11
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rating may decrease subsequent feedback comment rating based, at least in part,
on the rating of the individual user. In another example embodiment, the
machine learning system 219 also includes whether or not the user providing the
feedback has purchased the ttem or not. In one example, the machine leamning
system 218 increases a quality rating for a feedback comment from a user that
has purchased the product being rated. In other embodiments, the learning
maodule 220 trains on whether the user s a verified buyer, a non-verified buver,
or an unknown buyer.

[0048] In one example embodiment, the keaming module 220 trains using a
threshold percentage of reviews from a specific user above a cortain quality
threshold. In one example, in response to 50% or more feedback comments
being rated above a certain quality value, the leaming module 224 learns that
this particular user generally provides helpful feedback and increases a score for
feedback from this particular user. The learning module 226 may also train on a
total number of reviews the user has provided.

j3349] In ancther example embodiment, the leaming module 220 traing
using a rating divergence. A rating divergence, as described herein, at least
meludes a difference between an individual rating from a specific user and an
average product rating. In one example, this rating divergence is represented as
a percentage of differcnce over an average product rating.

{050 In another example embodiment, the learning module 220 trains on
simularity between a content i a feedback and product information (e.g., product
title, product description, product feature, aspect, or the like). In one example,
the feedback inchudes a brand or model of the product being described in the
feedback. In certain example, a similanty mcludes a product attribute being
meluded in the feedback. In another example, a stmularity includes an average,
median, maximum, or percentage occurrence of a product attribute in the
feedback. In one example embodinment, the stmilarity includes a normalized
occurrence frequency of product attributes over a word length of the feedback.
In other embodiments, the similarity includes semantic relatedness of word
senses, such as, but not himited to, path length similarity, dice coefficient
similarity based on path length score, or the like.

06511 Other features of feedback include, a number of sentences, a

12
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number of words, a number of punctuations, a number of nouns, a number of
verbs, a number of adjectives, a total feedback length, a language of the
feedback as compared with a language of the product being reviewed, or the like.
In certain embodiments, the learnimg module 220 trains the machine leaming
system 210 on a reduced set of mput feedback by using a random sub-samphng
of the mput feedback. In another example embodiment, the leaming module 220
trains the machine lcarning system 210 using svanthetic minority over-sampling
as one skilled in the art will appreciate.
10052] In one example embodiment, the leaming module 220 trains on
duplication measurcments of the feedback. In cortain examples, the duplication
measurements include maximum duplication word frequency, maximum
duplication word ratio to full review term length, mimimum term duplication
word frequency, and mininum duplication word ratio to full review term length.
{B0S3] In one example embodiment, the learning module 228 retrains the
machine learning systern 2190 at regular intervals. In certain examples, the
learning module 220 retrains the machine leaming system 218 hourly, daily,
weekly, monthly, yearly, or the like. Of course, other time periods may be used
and this disclosure is not limited i this regard.
00654} In another example embodiment, the feedback module 240 collects
feedback for a specific product available from the networked marketplace and
applies the machine leaming system 219 to gencrate a quality rating for cach
feedback collected. In one exampie, the feedback module 248 retneves the
feedback comments from the database server 124, In another example
embodiment, the feedback module 240 collocts the feedbacks via a user interface
provided by an application server 140,
R In one example embodiment, the sorting module 268 is configured
to sort the feedbacks according to the quality ratings generated by the machine
learmning system 214,
[O056] In certain example embodiments, the machine leaming system 216
optimizes quality ratings to optimize for feedback that 13 most helpful to
potential buyers. In one example, feedbacks that tend to mercase user
mteractions may be deemed more helptul to users. In another example
embodiment, the optimization function 1s sales. For example, the machine
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learning system 218 may be configured to leam how individual feedback
comments affect sales of a product and generate corresponding quality ratings
for the optimization function. In certain examples, the optimization functions
melude feedback relevance and teedback that vield most positive votes. As ong
skilled in the art may appreciate, other optinnization functions may be used and
this disclosure is not limited in this regard. In other examples, an administrator
of the teedback evaluation systern 150 may provide other optumization functions
and the learning module 228 trains the machine learning system 21€ according
to the received optimization function. In vet another example, the feedback
evaluation systern 138 indicates available optimization functions to a user of the
networked system 150 and optimizes according to user preference.
HEEDY FIG. 3 is a flow chart diagram illustrating one embodiment of a
method for product feedback evaluation and sorting. Operations in the method
may be performed by modules described 1 FEG. 2 and are described by
reference thereto.
06002} In one example, the method 388 beging and at operation 310 the
learning module 229 trains a machine leaming system 216 using user interaction
data and feedback comments provided by users. The method 308 continues at
operation 320 and the feedback module 240 collects feedback for a particular
product. In one example, the feedback module 248 retricves foedback from a
databasc.
[6003] The method 388 continues at operation 330 and the feedback
modide 248 applies the machine leaming systemn 218 to the collected feedback
resulting in a quality metne for each collected feedback. The method 366
continues at operation 340 and the sorting module 260 sorts, at a user interface
for the networked system 162, the collected feedbacks according to the assigned
quality rating. In this way, foedback comments that are most likely to affect a
user’s purchase are viewed by the user prior to other feedback comments based,
at least in part, on the optimization function used to generate the quality rating.
Furthermore, feedback comments that are less helpful, influential, relevant,
correct, or otherwise helpful receive a lower quality rating and are optionally
viewed afler viewing the more relevant feedback comments.
{6604} FIG. 4 is another flow chart diagram tllustrating one embodiment
14
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of a method 400 for product feedback evaluation and sorting. Operations in the
method 408 may be performed by modules described 1n FIG. 2 and are
described by reference thereto.
[8605] In one example, the method 466 begins and at operation 424 the
feedback module 248 collects feedback for a specific product. In one example,
the feedback module 246 retrieves feedback from a remote feedback system.
[B006] The method 400 continues at operation 430 and the feedback
modide 248 applies the machine leaming systemn 218 to the collected feedback
resulting in a quality metric for each collected feedback. The method 460
continues at operation 440 and the sorting module 264 sorts the collected
feedbacks according 1o the assigned guality rating.
{0607} The method 40¢ continues at operation 450 and the feedback
module 248 waits a threshold period of ime. In one example, the threshold
period of tune is scven days.
{6008} The method 488 continues at operation 460 and feedback module
248 re-applies the machine leaming system 210 to the collected feedback
resulting in a quality metnic for cach collected feedback. fn one example, the
machine fearning system 218 includes user ratings the provided the feedback. In
this way, a sser’s provide feedback for other products and their respective
ratings cither increase or decrease, the machime learning system 218 accounts for
their respective quality ratings and updates the quality ratings for feedbacks
provided by the users using their updated user quality ratings.
[B009] The method 400 continues at operation 400 and the sorting module
260 updates a display that displays the feedback comments according to the
updated quality ratings.
0616} FI(. 5 is a diagram illustrating one example embodiment of
coordinated operations between a feedback evaluation system and 2 machine
leaming system 214,
{011} In one example embodiment, at operation | (304}, the leamimg
modide 228 collects feedback comments for asers of the networked system 102,
At operation 2 {506), the learning module 228 transmits, using an electronic
network interface, the collected feedback comments to the machine leaming
system 218, At operation A (812}, the machine leaming system 2148 trains on
15
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the feedback comments.

[06012] At operation 3 {508), the learning module 228 collects feedback
comments for a particular product avatlable for purchase at the networked
system 182. At operation 4 (818}, the feedback module 240 transmits 528 the
particular feedback comments to the machine leamning system 210. At operation
D (524) the maching feamning system 210 generates guality ratings for each of
the particular feedback comments and transmits 526 the guality ratings back to

the feedback evaluation system 156

MODULES, COMPONENTS, AND LOGIC

{6613} Certain embodiments are described herein as including logicora
number of components, modules, or mechanisms. Modules may constitute
either software modules {¢.g.. code embodied on a machine-readable medium) or
hardware modules. A “hardware module” is a tangible unit capable of
performing certain operations and may be configured or arranged in a certam
physical manner. In various example embodiments, one or more computer
systems {¢.g., a standalone computer system, a client computer system, or a
server computer system) or one or more hardware modules of a computer system
{¢.g., a processor or a group of processors) may be configured by software (e.g.,
an application or apphication portion) as a hardware module that operates to
perform certain operations as described hercin,

014} In some embodiments, a hardware module may be implemented
mechanically, electronically, or anv suitable combination thereof. For example,
a hardware module may include dedicated circuitry or logic that is permanently
configured to perform certain operations. For example, a hardware module may
be a special-purpose processor, such as a Figld-Programmable Gate Array
{FPGA) or an Application Specific Integrated Circuit (ASIC). A hardware
maodule may also include programmable logic or circuitry that is temporarily
configured by software to perform certain operations. For example, a hardware
module may mnclude software executed by a general-purpose processor or other
programmable processor. Once configured by such software, hardware modulcs
become specific machines {or specific components of a machine) uniquely
tailored to perform the configured functions and are no longer general-purpose
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processors. B will be appreciated that the decision to implement a hardware
module mechanically, 1o dedicated and permanently configured circuitry, or in
temporarily configured circuitry {¢.g.. configured by software) may be driven by
cost and time considerations.
{8015} Accordingly, the phrase “hardware module” should be anderstood
to encompass a tangible entity, be that an entity that is physically constructed,
permanently configured {(¢.g., hardwired), or femporarily configured (c.g..
programmed) to operate in a certain manner or to perform certain operations
described herein. As used herein, “hardware-implemented module” refersto a
hardware module. Considering embodiments in which hardware modules are
temporanly configured (e.g., programmed), each of the hardware modules need
not be configured or mstantiated at any one instance in time. For example,
where a hardware module comprises a general-purpose processor configured by
software to become a special-purpose processor, the gencral-purpose processor
may be configured as respectively different special-purpose processors {e.g.,
comprising different hardware modules) at different times. Software
accordingly configures a particular proccssor or processors, for example, to
constitute a particular hardware module at one instance of time and to constitute
a different hardware module at a different mnstance of time.
{0616} Hardware modules can provide information to, and receive
nformation from, other hardware modules. Accordingly, the described
hardware modules may be regarded as being communicatively coupled. Where
multiple hardware modules exist contemporaneously, commumications may be
achicved through signal transmission {¢.g., over appropriate circuits and buses)
between or among two or more of the hardware modules. In embodiments
which multiple hardware modides are configured or instantiated at different
times, communications between such hardware modules may be achieved, for
cxample, through the storage and retricval of mformation in memory structures
to which the multiple hardware modules have access. For example, one
hardware module may perform an operation and store the output of that
operation 1 a memory device to which it is commumnicatively coupled. A further
hardware module may then, at a later time, access the memory device to retneve
and process the stored output. Hardware modules may also initiate
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commumnications with input or output devices, and can operate on a resouree
{e.g.. a collection of information}.

{6617} The various operations of example methods described herein may
be performed, at least partially, by one or more processors that are temporanly
configured {e.g., by software) or permanently configured to perform the relevant
operations. Whether temporarily or permanently configured, such processors
may constitute processor-tmplemented modules that operate to perform one or
more operations or functions described herein. As used herein, “processor-
implemented module™ refers to a hardware module implemented using one or
MOTE PIOCesSOrs.

0618} Similarly, the methods descrnibed herein may be at least partially
processor-tmplemented, with a particular processor or processors being an
example of hardware. For example, at least some of the operations of a method
may be performed by one or more processors or processor-implemented
modules. Moreover, the one or more processors may also operate to support
performance of the relevant operations in a “cloud computing” environment or
as a “software as a service” {SaaS). For example. at least some of the operations
may be performed by a group of computers {as examples of machines including
processors), with these operations being accessible via a network (e.g., the
Internet} and via one or more appropriate interfaces {e.g., an Application
Program Interface (APD).

6619} The performance of certain of the operations may be distributed
among the processors, not only residing within a single machine, but deployed
across a number of machines. In some example embodiments, the processors or
processor-implemented modules may be located in a single geographic location
{¢.g., within a home environment, an office environment, or a server farm). In
other example embodiments, the processors or processor-implemented modules

may be distributed across a number of geographic locations.

MACHINE AND SOFTWARE ARCHITECTURE

{0028] The modules, methods, applications and so forth described in

conjunction with FiGs. 1-5 are implemented in some embodiments in the

context of a machine and an associated software architecture. The sections
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below describe representative software architecture(s) and machine {¢.g.,
hardware) architecture that are suitable for use with the disclosed embodiments.
{0021} Software architectures are used in conjunction with hardware
architectures to create devices and machines tailored to particular purposes. For
example, a particular hardware architecture counpled with a particular software
architecture will create a mobile device, such as a mobile phone, tablet device, or
so forth. A slightly different hardware and software architecture may vield a
smart device for ase in the “mternet of things.” While yet ancther combination
produces a server computer for use within a cloud computing architecture. Not
all combinations of such software and hardware architectures are presented here
as those of skill in the art can readily understand how to implement the imvention

in different contexts from the disclosure contained herein.

SOFTWARE ARCHITECTURE

[0022] FIG. 615 a block diagram 600 illustrating a representative software
architecture 602, which may be used in conpunction with various hardware
architectures herein described. FIG. 6 is merely a non-limiting example of a
software architecture and i will be appreciated that many other architectures
may be implemented to facilitate the functionality deseribed heremn. The
software architecture 602 may be executing on hardware such as machine 786 of
FiG. 7 that includes, among other things, processors 718, memory 738, and /0
components 733, A representative hardware layer 604 is iltustrated and can
represent, for example, the machine 700 of FIG. 7. The representative hardware
laver 604 comprises one or more processing units 686 having associated
executable instructions 608. Executable mstructions 608 represent the
executable mstructions of the software architecture 682, including
implementation of the methods, modules and so forth of FiGs. 1-5. Hardware
layer 604 also mcludes memory and/or storage modules 616, which also have
exccutable instructions 648, Hardware laver 604 may also comprise other
hardware as indicated by 612 which represents any other hardware of the
hardware laver 604, such as the other hardware ilhustrated as part of machine
760.

{0623} In the example architecture of FI6G. 6, the software 602 may be
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conceptualized as a stack of layers where each layer provides particular
functionality. For example. the software 602 may inclade layers such as an
operating system 614, libraries 616, frameworks/middicware 618, applications
620 and presentation layver 622, Operationally, the applications 626 and/or other
components within the layers may mvoke application programming interface
{APH calls 624 through the software stack and receive a response, returned
values, and so forth illustrated as messages 626 in response to the API calls 624,
The layers tHustrated are representative in nature and not all software
architectures have all layers. For example, some mobile or special purpose
operating systems may not provide a frameworks / nuddleware layer 618, while
others may provide such alaver. Other software architectures may include
additional or different layers.
{00624} The operating system 614 may manage hardware rescurces and
provide coramon services. The operating svstem 614 may include, for example,
a kemnel 628, services 638, and drivers 632, The kemel 628 may act as an
abstraction layer between the hardware and the other software layers. For
example, the kemel 628 may be responsible for memory management, processor
management {¢.g., scheduling), component managerent, networking, securty
settings, and so on. The services 638 may provide other common services for
the other software layers. The drivers 632 may be responsible for conirolling or
mtertacing with the undertying hardware. For instance, the drivers 632 may
melude display drivers, camera drvers, Bluetooth® drivers, flash memory
drivers, sertal communication drivers (e.g., Universal Serial Bus (USB) drivers),
Wi-FiR drivers, audio drivers, power management davers, and so forth
depending on the hardware configuration.
0025} The libraries 616 may provide a common infrastructure that may be
utifized by the applications 628 and/or other components and/or lavers. The
librarics 616 typically provide functionality that allows other software modules
to perform tasks in an easier fashion than to interface directly with the
underlying operating system 614 functionality (e.g., kernel 628, services 638
and/or drivers 632). The libraries 616 may include system 634 libraries {c.g., C
standard library) that may provide functions such as memory allocation
functions, string mantpulation functions, mathematic functions, and the fike. In
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addition, the libraries 616 may mclude API libraries 636 such as media libraries
{e.g.. libraries to support presentation and manipulation of various media format
such as MPREG4, H264, MP3, AAC, AMR, JPG, PNG), graphics librarics
{c.g., an OpenGL framework that may be used to render 2D and 3D in a graphic
content on a display), database librarigs {e.g., SQLite that may provide various
relational database functions), web libranes {¢.g., WebKit that may provide web
browsing functionality), and the like. The libraries 616 may also include a wide
variety of other libraries 638 to provide many other APIs to the applications 628
and other scftware components/modules.
{0026} The frameworks 618 (also sometimes referred to as middleware)
may provide a higher-level common infrastructure that may be utilized by the
applications 620 and/or other software components/modules. For example, the
frameworks 618 may provide various graphic user interface (GUI) functions,
high-tevel resource management, hugh-level location services, and so forth. The
frameworks 618 may provide a broad spectrum of other APIs that may be
utilized by the applications 628 and/or other software components/modules,
some of which may be specific to a particular operating system or platform.
{8027 The applications 620 includes buit-in applications 640 and/or third
party applications 642. Examples of representative built-in applications 648 may
mehude, but are not limited to, a contacts application, a browser application, a
book reader application, a location application, a media application, 2 messaging
application, and/or a game application. Third party applications 642 may
mnclude any of the built i applications as well as a broad assortment of other
applications. In a specific example, the third party application 642 (¢ g., an
application developed using the Android™ or 10$™ software development kit
{SDK) by an entity other than the vendor of the particular platform)} may be
mobile software running on a mobife operating system such as 138™,
Android™, Windows® Phone, or other mobile operating systems. In this
example, the third party application 642 may mvoke the API calls 624 provided
by the mobile operating system such as operating system 614 to facilitate
functionality described herein. fn other example embodiments, the application
620 include the feedback evaluations svstem 138A. Therefore, the feedback
cvaluation system 138A may be programmed as an application. In other
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gxample embodiment, at least a portion of the feedback evaluation system 138 is
programmed as a library 616. In one example, the learning module 2208 is
coded as a library and the other modules of the feedback cvaluation system 150
communicate with the learning module 220B using an API 636, or other
clectronic interface.

{00628} The applications 620 may utilize built in operating system functions
{c.g., kernel 628, scrvices 638 and/or drivers 632), libraries {¢.g., svsiem 634,
APIs 636, and other librarics 638), frameworks / muddieware 618 to create user
mterfaces to mteract with users of the system. Alternatively, or additionally 1n
some systems interactions with a user may occur through a presentation layer,
such as presentation layer 644, In these systems, the application/module “logic”
can be separated from the aspects of the application/module that interact with a
user.

[0029] sSome software architectures utilize virtual machmes. In the
example of FIG. 6, this is illustrated by virtual machine 648. A virtual machine
creates a software environment where applications/modules can execute as if
thev were executing on a hardware machine (such as the machine of FIG. 7, for
example). A virtual machine is hosted by a host operating system {operating
system 614 in FIG. 7) and typically, although not always, has a virtual machine
monitor 646, which manages the operation of the virtual machine as well as the
mtertace with the host operating system (i.¢., operating system 614}, A software
architecture executes within the virtual machine such as an operating sysiem
638, libraries 652, frameworks / middleware 654, applications 656 and/or
presentation layer 658, These layers of software architecture executing within
the virtual machine 648 can be the same as corresponding Iayers previously

described or may be different.

EXAMPLE MACHINE ARCHITECTURE AND MACHINE-READABLE

MEDIUM

j3338] Fi{s. 7 15 a block diagram illustrating components of a maching

788, according to some cxample embodiments, able to read instructions from a

machine-readable medium (e.g., a machme-readable storage medium} and

perform any one or more of the methodologies discussed herein. Specifically,
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FIG. 7 shows a diagrammatic representation of the machine 708 mn the example
form of a computer svstem, within which instructions 716 (e.g.. software, a
program, an application, an applet, an app, or other executable code) for causing
the machine 780 to perform anv one or more of the methodologies discussed
heremn may be executed. For example the mstructions may cause the maching to
execute the flow diagrams of FIGs. 3-8, Additionally, or alternatively, the
mstructions may implernent the learning module 229, the feedback module 2440,
and the sorting module 263 of FIG, 2, and so forth. The instructions transform
the general, non-programmed machine into a particular machine programmed to
carry out the described and iHustrated functions in the manner described. In
alternative embodiments, the machine 708 operates as a standalone device or
may be coupled {e.g.. networked} to other machines. In a networked
deployment, the machine 788 may operate in the capacity of a server machine or
a client machine in a server-client network cnvironment, or as a peer machine in
a peer-to-peer {or distributed) network environment. The machine 780 may
comprise, but not be limited to, a server computer, a client computer, a personal
computer (PC), a tablet computer, a laptop computer, a netbook, a set-top box
{§TB), a personal digital assistant (PDA), an entertainment media system, a
cellular telephone, a smart phone, a mobile device, a wearable device {e.g., a
smart watch}, a smart home device {¢.g., a smart apphiance), other smart devices,
a web appliance, a network router, a network switch, a network bridge, orany
machine capable of exccuting the instructions 716, sequentially or otherwise,
that specify actions to be taken by machine 788, Further, while only a single
machine 700 is tHustrated, the term “machine” shall also be taken to include a
collection of machines 700 that individually or jointly execute the instructions
716 to perform any one or more of the methodologies discussed herein.
{6831} The machine 708 may include processors 719, memory 738, and
1/0 components 758, which may be configured to communicate with cach other
such as via a bus 702. In an example embodiment, the processors 718 {e g, a
Central Processing Unit (CPU), a Reduced Instruction Set Computing (RISC)
processor, a Complex Instruction Set Computing (CISC) processor, a Graphics
Processing Unit (GPU), a Dagital Signal Processor (DSP), an Application
Specific Integrated Circuit {ASIC), a Radio-Frequency Integrated Circuit
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(RFIC), another processor, or any suitable combmation thereof) may mchude, for
example, processor 712 and processor 714 that may execute instructions 716.
The term “processor” is intended 1o include multi~core processor that may
comprise two or more independent processors (sometimes referred to as “cores”)
that may exgcute instructions contemporancously. Ahlthough FIG, 7 shows
multiple processors, the maching 780 may mchude a single processor with a
single core, a single processor with nultiple cores (e.g., a nmwlti-core process),
multiple processors with a single core, multiple processors with multiples cores,
or any combination thereof.
0032} The memory/storage 730 may include a memory 732, such as a
main memory, or other memory storage, and a storage unit 736, both accessible
to the processors 718 such as via the bus 762, The storage unit 736 and memory
732 store the instructions 716 embodying any one or more of the methodologies
or functions described herein. The instructions 716 may also reside, completely
or partially, within the memory 732, within the storage unit 736, within at least
one of the processors 718 (e.g., within the processor’s cache memory}, or any
suitable combination thereof, during execution thereof by the machine 700,
Accordingly, the memory 732, the storage unit 736, and the memory of
processors 718 are examples of machine-readable media.
{0633} As used herein, “machine-readable medium™ means a device able to
store or carry instructions and data temporarily or permanently and may include,
but 1s not be hinuted to, random-access memory (RAM), read-only memory
(ROM), buffer memory, flash memory, optical media, magnetic media, cache
memory, other types of storage (¢.g., Erasable Programmable Read-Only
Memory (EEPROM)) and/or any suitable combination thereof. The term
“machine-readable mediom” should be taken to mclode a single medium or
multiple media (.., a centralized or distributed database, or associated caches
and servers) able to store instructions 716, The term “machine~-readable
medium” shall also be taken to include any hardware or physical medium, or
combination of multiple media, that 1s capable of storing or carrying instructions
{e.g., instructions 716} for execotion by a machine {¢.g., machine 788}, such that
the mstructions, when executed by one or more processors of the machine 704
{¢.g., processors 718, cause the machine 700 to perform any one or more of the
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methodologies described herein. Accordingly, a “machine-readable mediom”™
refers to a single storage apparatus or device, as well ag “cloud-based” storage
systems ot storage networks that include multiple storage apparatus or devices.
The term “machine~-readable medium™ includes a machine readable storage
medium and a transmission medinim such as signals,
{0634} The VO components 758 may include a wide variety of components
to receive input, provide output, produce output, transmit information, exchange
mformation, capture measurements, and so on. The specific V0 components
754 that are included m a particular machine will depend on the type of machine.
For example, portabic machines such as mobtile phones will likely include a
touch input device or other such mput mechanisms, while a headless server
machine will Hikely not include such a touch input device. It will be appreciated
that the /0 components 758 mav include many other components that are not
shown in Fi{. 7. The VO components 750 arc grouped according to
functionality merely for simplifying the following discussion and the grouping is
i no way limiting. In various example embodiments, the VO components 756
may include output components 752 and input components 754, The output
components 752 may include visual components {e.g., a display such as a plasma
display panel (PDP), a ight emitting diode (LED) display, a hquid crystal
display {LLD), a projector. or a cathode ray tube (CRT)}, acoustic components
{c.g., speakers), haptic components (.2, a vibratory motor, resistance
mechanisms), other signal generators, and so forth. The input components 754
may include alphanumeric input components {¢.g., a kevboard, a touch sereen
configured to receive alphanumeric input, a photo-optical kevboard, or other
alphanumeric input components), point based input components {e.g., amouse, a
touchpad, a trackball, a joystick, a motion sensor, or other pointing instrument},
tactile input components {e.g., a physical button, a touch screen that provides
location and/or force of touches or touch gestures, or other tactile input
components), audio input components {¢.£., a nucrophone), and the like.
J3335] In further example embodiments, the VO components 758 may
mclude biometric components 756. motion components 758, environmental
components 766, or position components 762 among a wide array of other
components. For example, the biometric components 736 may include
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components to detect expressions {e.g., hand expressions, facial expressions,
vocal expressions, body gestures, or eve tracking), measure biosignals (e.g.,
blood pressure, heart rate, body temperature, perspiration, or brain waves),
wdentify a person {e.g., voice 1dentification, retinal identification, facial
wentification, fingerprint identification, or electroencephalogram based
wlentification}, and the like. The motion components 758 may include
acceleration sensor components (¢.g., accelerometer), gravitation sensor
components, rotation sensor components (e.g., gyroscope), and so forth. The
environmental components 768 may include, for example, ilumination sensor
components (e.g., photometer), temperature sensor components {(€.g., one or
more thermometer that detect ambient temperature), humidity sensor
components, pressure sensor components {¢.g., barometer), acoustic sensor
components {e.g., one or more microphones that detect background noise},
proximity sensor components {¢.g., mfrared sensors that detect nearby objects),
gas sensors {¢.g., gas detection sensors to detection concentrations of hazardous
gases for safety or to measure pollutants in the atmosphere), or other
components that may provide indications, measurcments, or signals
corresponding to a surrounding physical environment. The position components

762 may include location sensor components {e.g.

P

a Global Position System
{(GPS) receiver component}, altitude sensor components {e.g., altimeters or
barometers that detect air pressure from which altitude may be derived),
orientation sensor components (¢.g., magnetometers), and the like.
6036} Communication may be tmplemented using a wide variety of
technologics. The /0 components 750 may include communication components
764 operable to couple the machine 70{ to a network 780 or devices 778 via
coupling 782 and coupling 772 respectively. For example, the communication
components 764 may include a network interface component or other suitable
device to interface with the network 780, In further examples, commumication
coraponents 764 may include wired communication components, wireless
communication components, cellular communication components, Near Field
Communication (NFC) components, Bluetooth®R components {¢.g., Bluetooth®
Low Energy), Wi-Fi® components, and other communication components to
provide communication via other modalities. The devices 778 may be another
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machine or any of a wide variety of penipheral devices (e.g., a peripheral device
coupled via a Universal Serial Bus (USE)).

[6637] Morcover, the communication components 764 may detect
wdentifiers or include components operable to detect identifiers. For example,
the communication components 764 may include Radio Frequency Hentification
{RFID)} tag reader components, NF{ smart tag detection components, optical
recader components (e.g., an optical sensor to detect one-dimensional bar codes
such as Umversal Product Code {(UPC) bar code, multi-dimensional bar codes
such as (hiick Response (QR) code, Aztec code, Data Matrix, Dataglyph,
MaxiCode, PDF417, Ultra Code, UCC RS85-2D bar code, and other optical
codes), or acoustic detection components {¢.g., microphones to wWentify tagged
audio signals). In addition, a variety of information may be derived via the
communication compeonents 764, such as, location via Internet Protocol (IP) geo-
location, location via Wi-Fi® signal tnangulation, location via detecting a NFC

beacon signal that may indicate a particular location, and so forth.

TRANSMISSION MEDIUM
0638} In various example embodiments, one or more portions of the
network 780 may be an ad hoc network, an intranet, an extranet, a virtual private
network (VPN), a local area network {LAN), a wireless LAN (WLAN), a wide
arca network {WAN), a wircless WAN (WWAN), a metropolitan arca network
{MAN}, the Internet, a portion of the Internet, a portion of the Public Switched
Telephone Network (PSTN), a plain old telephone service (POTS) network, a
celular telephone network, a wireless network, a Wi-Fi® network, another type
of network, or a combmation of two or more such networks. For example, the
network 788 or a portion of the network 780 may include a wireless or cellular
network and the coupling 782 may be a Code Division Multiple Access
{CDMA) connection, a Global Svstem for Mobile communications (GSM)
connection, or other type of cellular or wireless coupling. Tn this example, the
coupling 782 may implement any of a varicty of types of data transfer
technology, such as Smgle Carrier Radio Transmission Technology (1xRTT),
Evolution-Data Optimized (EVDO) technology, General Packet Radio Service
{(GPRS) technology, Enhanced Data rates for GSM Evolution (EDGE)
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technology, third Generation Partnership Project (3GPP) mclading 3G, fourth
generation wireless (4(G) networks, Universal Mobile Telecommunications
System (UMTS), High Speed Packet Access (HSPA), Worldwide
Interoperability for Microwave Access {WiMAX), Long Term Evolution (L'TE)
standard, others defined by various standard setting organizations, other long
range protocols, or other data transfer technology.

[0039] The instructions 716 may be transmtied or received over the
network 788 using a transmission medium via a network interface device {e.g., a
network interface component included in the commnication components 764}
and utilizing any one of a number of well-known transfer protocols {e.g.,
hypertext transter protocol (HTTP)). Sinularly, the instructions 716 may be
transmtted or received using a transmussion medium via the coupling 772 (e g,
a pecr-to-peer coupling) to devices 778, The term “transmission medium’™ shall
be taken to include any mtangible medium that is capable of storing, encoding,
or carrying instructions 716 for execution by the machine 789, and includes
digital or analog communications signals or other intangible mediam to facilitate
communication of such software. A transmission medumn is an embodument of a
machine readable mediam.

{6048} The following numbered examples are embodiments.

[6041] 1. A gystem comprising;

a machine-~readabiec medium having instructions stored thereon, which,
when executed by a processor, causes the system to perform operations
coOmprising:

training a machine learning system on feedback from a plurality of users,
the machine learming system configured to generate a quality rating for
mdividual feedback using technical analvsis of terms used in the feedback;

collecting feedback for a specific product available from the online
network based marketplace and apply the machine leaming system to generaic a
quality rating for each feedback collected;

sorting the feedback collected according to the guabity ratings generated
by the machine learning system.

{6642} 2. The system of example 1, wherein the machine learning
system generates quality ratings for feedback using at least one of feedback
28
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length, feedback grammar, feedback accuracy, feedback reading level, feedback
correlation with product description, product category, product age. feedback
completeness, feedback user rating, timc passage from feedback time, feedback
variance from average feedback, and feedback relevance.
0043} 3. The system of example 1 or example 2, wherein the
machine learning system decreases the quality rating for feedback that inchudes
less than a threshold number of words.
06044} 4, The system of any one of examples 1 to 3, whergin the
machine learning system decreases the quality rating for feedback that includes
mcoTrect grammar.
0045} 5. The system of any one of examples 1 to 4, wherein the
machine learning system decreases the quality rating for feedback that includes
meorrect facts.
[0046] 6. The systermn of any one of examples | to 3, wherein the
machine learnimg system decreases the quality rating for feedback that 1s
mcomplete,
{0047} 7. The system of any one of examples | to 6, wherein the
operations farther comprise updating a user rating for the user that provided the
feedback based on the quality rating generated for the feedback.
{0048} 8. The system of any one of examples 1 to 7, wherein the
operations further comprise, afier a threshold period of time, re-applyving the
machine leaming system fo collected feedback.
06049} 9. The system of any one of examples 1 to 8, whergin the
machine leaming svstem is configured to optimize according to two or more
optimization functions, the machine leaming svstem generating separate quality
ratings based on sach optimization function.
{0050 10. The system of any one of examples 1 1o 9, wherein the
optimization functions are selected from the group consisting of’

feedback that 1s most helptul to potential buvers,

feedback that 1s most likely to merease sales of the product,

feedback that is most relevant to the product; and

feedback that will most hikely vield positive votes.
{6651} i1 A method comprising:
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training a machine learning system on feedback from a plurality of users,
the maching learning system configured to generate a quality rating for
mdividual feedback;

collecting feedback for a specific product available from a networked
marketplace and apply the machine learning system to generate a quality rating
for cach feedback collected; and

sorting the feedback collected according to the guality ratings generated
by the machme learning system.
[0052] 12. The method of example 11, wherein the machine learning
system gencrates quality ratings for feedback using at least one of feedback
fength, feedback grammar, feedback accuracy, feedback reading level, feedback
correlation with product description, product category, product age, feedback
completeness, feedback user rating, time passage from feedback time, feedback
variance from average feedback, and feedback relevance.
[BB53] 13 The method of example 11 or example 12, wherem the
machine learming system decreases the quality rating for feedback that includes
less than a threshold number of words.
{0054} 14. The method of any one of examples 11 to 13, wherein the
machine learning system decreases the quality rating for feedback that includes
meorrect granumar.
{D055] 15 The method of any onc of examples 11 1o 14, wherein the
machine learning system decreases the quality rating for feedback that includes
meorrect facts.
{3056] 16 The method of any one of examples 11 to 15, wherein the
machine learning system decreases the quality rating for feedback that is
meomplete.
{0657} 17. The method of any one of examples 11 to 16, wherein the
feedback module updates a user rating for the user that provided the feedback
based on the quality rating generated for the feedback.
EERY 18. The method of any one of examples 11 to 17, wherein the
feedback module, after a threshold period of time, re-applies the machine
learning system to collected feedback.
{8659} 9. The method of any one of examples 11 to 18, wherein the
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machine leaming system 1s configured to optimize according to two or more
optimization functions, the machine leaming systen: generating separate quality
ratings based on cach optimization function.
0664} 20. A machine-readable hardware medium having instructions
stored thereon, which, when executed by a processor, cause the processor to
perform:

training a machine learning system on feedback from a plurality of users,
the machine learning system configured to generate a quality rating for
mndividual feedback;

collecting feedback for a specific product available from a networked
marketplace and apply the machine learning system to generate a quality rating
for each feedback collected; and

sorting the feedback collected according to the guality ratings generated
by the maching learning systom.
061} 21 A machine readable medium carrving machine readable
mstructions, which when executed by at least one processor of a machineg, causes

the machine to carry out the method of any one of examples 11 to 19

LANGUAGE
{0062} Throughowut this specification, phiral instances may implement
components, operations, or structures described as a single mstance. Although
mdividual operations of one or more methods are illustrated and deseribed as
separate operations, one or more of the mdivideal operations may be performed
concurrently, and nothing requires that the operations be performed in the order
iustrated. Structures and functionality presented as separate components in
example configurations may be implemented as a combined structure or
component. Similarly, structures and functionality presented as a single
component may be implemented as separate components. These and other
variations, modifications, additions, and improvements fall within the scope of
the subject matter herein,
[3063] Although an overview of the inventive subject matter has been
described with reference to specitic example embodiments, various
modifications and changes may be made to these embodiments without
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departing from the broader scope of embodiments of the present diselosure.
Such embodiments of the inventive subject matter mayv be referred to herein,
mdividually or collectively, by the term “invention” merely for convenience and
without intending to voluntanly limit the scope ot this application to any single
disclosurg or inventive concept if more than one 18, 1 fact, disclosed.

{0064} The embodiments illustrated herein are described in sufficient detail
to enable those skilled in the art to practice the teachings disclosed. Other
embodiments may be used and derived therefrom, such that stractaral and
logical substitutions and changes may be made without departing from the scope
of this disclosure. The Detailed Description, therefore, isnot to be takenina
Linuting sense, and the scope of various emboduments 18 defined only by the
appended claims, along with the full range of equivalents to which such claims
are entitled.

[0065] As used herein, the term “or” may be construed in cither an
melusive or exclusive sense. Moreover, plural instances mayv be provided for
resources, operations, or structures described herein as a single instance.
Additionally, boundaries between various resources, operations, modules,
engines, and data stores are somewhat arbitrary, and particular operations are
tHustrated 1n a context of specific illustrative configurations. Other allocations
of functionality are envisioned and may fall within a scope of various
crbodiments of the prescnt disclosure. In general, structures and functionality
presented as separate resources in the example configurations may be
implemented as a combined structure or resource. Similarly, stroctures and
functionality presented as a single resource may be implemented as separate
resources. These and other vanations, modifications, additions, and
mnprovements fall within a scope of embodiments of the present disclosure as
represented by the appended claims. The specification and drawings are,

accordingly, to be regarded in an dlustrative rather than a restrictive sense.
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CLAIMS

L A system comprising:

a machine-readable medium having instructions stored thereon,
which, when execuoted by a processor, causes the system {o
perform operations comprising:

training a machine learning system on feedback from a plurality of
users, the machine leaming system configured to generate a
quality rating for individual feedback using technical analysis
of terms used in the feedback;

collecting feedback for a specific product available from the online
network based marketplace and apply the machine learning
system to generate a quality rating for cach feedback
collected;

sorting the feedback collected according to the quality ratings

generated by the machine learning system.

o]

The system of claim 1, wherein the machine leamning system
gencrates guality ratings for feedback using at least one of feedback
length, feedback grammar, feedback accoracy, feedback reading
level, feedback correlation with product description, product
category, product age, feedback completeness, feedback user rating,
time passage from feedback time, feedback variance from average

feedback, and feedback relevance.

3

The system of claim 1, wherein the machine learning system
decreases the quality rating for feedback that includes less than a

threshold number of words.

4. The system of claim 1, wherein the machine learning system
decreases the quality rating for feedback that includes incorrect

grammiar.
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The system of claim 1, wherein the machine learning system

decreases the quality rating for feedback that includes incorrect facts.

The system of claim 1, wherein the machine leamning system

decreases the quality rating for feedback that 1s incomplete.

The system of claim 1, wherein the operations further comprise
updating a user rating for the user that provided the feedback based

on the quality rating generated for the feedback.

The system of claim 1, wherein the operations further comprise, afier
a threshold period of time, re-applying the maching learning svstem

to collected feedback.

The system of claim 1, wherein the maching learning system is
configured to optimize according to two or more optimization
functions, the machine learning svstem generating separate quality

ratings based on each optinuzation function.

The system of ¢laim 1, wherein the optimization functions are
selected from the group consisting oft
feedback that is most helpful to potential buyers,
feedback that 1s most likely to merease sales of the product,
feedback that is most relevant to the product; and

teedback that will most likely vield positive votes.

A method comprising:

training a machine learning system on feedback from a plurality of
users, the machine learming system configured fo generate a
quality rating for individual feedback;

collecting feedback for a specific product available from a networked
marketplace and apply the machine learning system to
generate a quality rating for each feedback collected; and

34



WO 2017/223078 PCT/US2017/038324

sorting the feedback collected according to the quality ratings

generated by the machine learning system.

12. The method of claim 11, wherein the machine leaming system
gencrates quality ratings for feedback using at least one of feedback
length, feedback grammar, feedback accoracy, feedback reading
level, feedback correlation with product description, product
category, product age, feedback completeness, feedback user rating,
time passage from feedback time, feedback variance from average

feedback, and feedback relevance.

[V,
52

The method of claim 11, whercin the machine learning system
decreases the quality rating for feedback that includes less than &

threshold number of words.

14, The method of claim 11, wherein the machine leaming svstem
decreases the quality rating for feedback that includes incorrect

grammiar.

15. The method of claim 11, wherein the machine fearning system

decreases the quality rating for feedback that includes incorrect facts.

16. The method of claim 11, wherein the machine leaming svstem

decreases the quality rating for feedback that is incomplete.

17. The method of claim 11, wherein the feedback modele updates a user
rating for the user that provided the feedback based on the quality

rating generated for the teedback.
18. The method of claim 11, wherein the feedback module, after a
threshold period of time, re-applics the machine lcarning system to

collected feedback.
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18, The method of claim 11, wherein the machine leaming system 1s
configured to optimize according to two or more optimization
functions, the machine learning system generating separate quality

ratings based on each optinuzation function.

28, A machine-readable hardware medium having instructions stored
thereon, which, when executed by a processor, cause the processor to
perform:

training a machine leaming system on feedback from a
plurality of users, the machine learning system configured to
generate a quality rating for individual feedback;

collecting feedback for a specific product available from a
networked marketplace and apply the machine learning system to
generate a quality rating for cach feedback collected; and

sorting the feedback collected according to the quality

ratings generated by the machine learning system.

21 A machine readable medium carrving machine readable instructions,
which when executed by at least one processor of a machine, causes

the machine to carry out the method of any one of claims 11 o 19.
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