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PRODUCT, OPERATING SYSTEM AND TOPIC BASED
RECOMMENDATIONS

BACKGROUND

[0001] Online product discussion services comprise a communication

channel with and among customers on a company’s products. In these sites,
the customers ask questions about a company’s product to seek solutions to
problems with products. Various people can answer the questions creating a
valuable repository of information about the company’s products. Unfortunately,
when a customer visits the forum, finding the right information may be tedious

and often an unsuccessful process.

BRIEF DESCRIPTION OF THE DRAWINGS

[0002] FIG. 1 is a block diagram of an example system of the present

disclosure;

[0003] FIG. 2 is an example of an original post and recommendations based
on the original post;

[0004] FIG. 3 is an example flowchart of a method for providing product
aware, operating system aware and topic based recommendations;

[0005] FIG. 4 is another example flowchart of a method for providing product
aware, operating system aware and topic based recommendations; and

[0006] FIG. 5 is an example high-level block diagram of a computer suitable

for use in performing the functions described herein.

DETAILED DESCRIPTION

[0007] The present disclosure broadly discloses a method and non-transitory

computer-readable medium for providing product aware, operating system
aware and topic based recommendations. As discussed above, finding the right
information within an online product discussion service for a company’s product
can be a tedious and often an unsuccessful process for the customer. Basic
keyword searching does not help because people can describe a problem or

refer to a product in different ways. As a result, locating and bringing together
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the relevant information within a few clicks in these forums can be difficult or the
amount of search results based on a basic keyword search can be
overwhelming for the customer to manually sift through them.

[0008] Examples of the present disclosure provide a novel method for
providing product aware, operating system aware and topic based
recommendations. For example, based on a question posted by a customer to
an online product forum, or discussion service, the customer’s question can be
analyzed across several dimensions to provide high value recommendations to
the customer. In one example, the question can be analyzed along the
dimensions of topic, products and operating system. Based on the identified
topic, product and operating system of the customer’s environment, the
examples of the present disclosure can provide a more accurate
recommendation of previous posts within the online product forum service that
answers the customer’s question.

[0009] FIG. 1 illustrates an example system 100 of the present disclosure. In
one implementation, the system 100 includes a communication network 102 in
communication with one or more endpoint devices 124 and 126. It should be
noted that although two endpoint devices 124 and 126 are illustrated in FIG. 1
that any number of endpoint devices may be deployed. In one example, the
endpoint devices 124 and 126 may be any type of endpoint device, including for
example, a desktop computer, a laptop computer, a mobile telephone, a smart
phone, a tablet computer, and the like.

[0010] In one example, customers may use their respective endpoint device
124 or 126 to post questions about a company’s product or post answers to
guestions posted about the company’s product. The endpoint devices 124 and
126 may be in communication with the communication network 102 that
includes an application server (AS) 104 and a database (DB) 106. It should be
noted that the communication network 102 has been simplified for ease of
explaining examples of the present disclosure. The communication network 102
may include additional network elements (not shown) such as a border element,
gateways, firewalls, additional access networks, and the like.

[0011] In one example, previous posts 108 containing answers to previously
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posted questions are stored in the DB 106. In addition, the DB 106 may store
one or more models 128 used for identifying topics, products and operating
systems (OS) contained in an original post 110 from a customer.

[0012] In one example, hand coded rules or models learnt from annotated
data may be used to create a product recognition model and an OS recognition
model for product recognition and OS recognition, respectively. In one
example, the product recognition model and the OS recognition model may be
referred to collectively as the product recognition model as the recognition of the
OS may be a special case of product recognition. For example, annotated data
may be a training set of posts that have been identified with positive and
negative matches of products or OS that are marked. Then a classification
model can be trained to identify products or OS in the original post 110.

[0013] In one implementation, a Latent Dirichlet Allocation (LDA) with Gibbs
sampling may be used to create a model for topic recognition. For example, a
number of s topics to be generated are given as an input to the algorithm based
on a training document set. A small number of topics could provide a broad
overview of the document structure, whereas a large number of topics could
provide fine-grained topics at the cost of additional computational time.

[0014] In one implementation, the AS 104 and the DB 106 may be operated
and maintained by a company that produces one or more products that the
customers have questions about. In one example, the AS 104 may be deployed
as a computer that includes a processor and is modified to perform the
dedicated functions described herein. For example, the processor may execute
the instructions and algorithms provided by the modules within the AS 104 as
described below.

[0015] In one example, the AS 104 may receive the original post 110 from
the endpoint device 124 or 126 of the customers. The AS 104 may process the
original post 110 to provide one or more recommendations 122 back to the
endpoint device 124 or 126 that submitted the original post 110. In one
example, the recommendations 122 may include one or more of the previous
posts 108 based on an overall similarity score that is determined or calculated

by a processor (e.g., the processor 302 described below and illustrated in FIG.
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3), as discussed in further detail below. In one example, the recommendations
122 may include the top k recommendations based on the top k previous posts
108 that have the highest overall similarity scores.

[0016] In one example, to determine the overall similarity score, a product
recognition module 112 may analyze the original post 110. The product
recognition module 112 may apply the product recognition model and the OS
recognition model 128 stored in the DB 106 to identify a product and an OS
contained in the original post 110. The identified product may be received by a
product similarity module 116 and the identified OS may be received by an OS
similarity module 118. A topic similarity module 114 may receive the original
post 110.

[0017] In one example, the topic similarity module 114 may include
instructions for the processor to determine a topic similarity score between the
original post 110 and the previous posts 108 stored in the DB 106. In one
example, using latent topic models, a thread d; can be represented by a set of
estimated latent topic probabilities P(zj|d;) over the set of different topics z;in Z.
Given a collection D of n threads and s topics, one can denote F s the
document-topic matrix that captures how the s topics are assigned to the n
threads in D. Thatis Fj = P(z]d;) with i <= nand j <= s. Given a set of
estimated latent topic probabilities for each thread, there are several measures
that can be used to compare the similarity of two threads such as the cosine
similarity, the unnormalized dot product and the symmetric Kullback-Leibler
divergence measure. For example, a processor may communicate with the DB
106 to retrieve and execute a function to calculate the cosine similarity of two
threads based on their topics. One example of a cosine similarity function that

can be executed by the processor may be shown below:

. _ R'F
cossim(did;) = iy -
[0018] In one example, a bagging model may be applied to the topic

modeling used to determine the topic similarity score to provide a more accurate
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topic similarity score. One problem with general topic modeling algorithms is
that these algorithms only guarantee to converge to a locally optimal maximum
likelihood solution and not the globally optimal solution. Thus, different
initializations of a topic model will yield different final models. Consequently,
document relationships will vary among these models. To tackle this problem
and capture document relationships as accurately as possible, a bagging
method can be used.

[0019] In one example, the bagging method runs the topic model a number
of times over the input set of documents and evidence of the similarity of a pair
of documents are combined from all the outputs. When using the bagging
technique, the bagging method begins by assuming that N different latent topic
models M4 through My are trained from N different random model initializations.
From each model My, an estimate of the topic distribution is produced for each
thread. Once the topic models are generated, an aggregation step follows
where for each pair of threads d; and d; the non-zero thread similarity measures
between the threads produced by each of the N models are averaged. In one
example of the present disclosure, a processor may communicate with the DB
106 to retrieve and execute a function to perform the bagging method. In one
example, the bagging method uses an arithmetic mean as described by the

function below:

N
1
SimT(di, dj) = VZ cossim(di, dj,Mk)
k=1

where N’ < N is the number of non-zero topic similarity scores for the pair of
documents d; and d;.

[0020] In one example, the product similarity module 116 may include
instructions for the processor to determine a product similarity score between
the product identified in the original post 110 and the products in the previous
posts 108. The OS similarity module 118 may determine an OS similarity score
between the OS identified in the original post 110 and the OS in the previous

posts 108. In one example, the processor may determine the product similarity
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score and the OS similarity score using the same algorithms.

[0021] Determining the product similarity score and the OS similarity score
may not be straightforward. For example, a post may talk about a single
product, but the author may refer to this product several times in the thread in
different ways. In another example, the post may talk about more than one
product (e.g., “We are currently running HP Officejet 6500 printers in our office
and we also have one HP LaserJet 2605n.”). In yet another example, authors in
different posts may make different references to the same product.

[0022] In addition, different products within a same family may be mentioned
in different posts. The product similarity score and the OS similarity score
should account for similarity between the products in the same family or series.
For example, all deskjet printers are more similar to each other than to laserjet
printers.

[0023] To account for the factors described above, a processor may need to
apply one or more algorithms to determine the product similarity score and the
OS similarity score may involve applying one or more algorithms. In one
example, two algorithms may be used to determine the product similarity score
and the OS similarity score. An objective of the first algorithm is to find whether
two strings refer to the same product, but vary slightly due to a typo, a different
user writing style, or because the products are close “relatives” in a product
family. In one example, a Levenshtein distance may be used as the first
algorithm.

[0024] In one example, the Levenshtein distance is a string metric for
measuring the difference between two strings. For example, the Levenshtein
distance is the minimum number of single-character edits (e.g., insertions,
deletions or substitutions) required to change one string into the other string.
[0025] In one example, the Levenshtein distance is modified to take into
account a length of the two strings. For example, the smaller the two strings
are, the fewer differences that are acceptable. Conversely, the longer the two
strings are, the larger the amount of difference that is acceptable.

[0026] To illustrate by example, the string “officejet 6500” and “officejet 5500”

should have a high product similarity score because there is enough information
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to say that these products are quite similar. They are in the same family of
“officejet” printers and only have a single character difference. On the other
hand, the string “hp6500” and “hp5500” will have a lower score. Although the
two strings “hp6500” and “hp5500” also only have a single character difference,
the strings are shorter and contain less information. For example, the two
strings do not contain enough information to determine if the products are within
the same family. For example, “hp6500” could refer to a laserjet printer and
“*hp5500” could refer to a laptop computer.

[0027] In one example, given two product strings s; and s; with sizes or
lengths len(s;) and len(s;) respectively, let | = min(len(s;); len(s;)) and lev(s;; s) be
their Levenshtein distance. In one example, a processor may communicate
with the DB 106 to retrieve and execute a normalized Levenshtein distance to
compute the similarity between the two product strings. An example of the

normalized Levenshtein distance may be as follows:

l—lev(si,sj) .

normlev(s- S-) _ ) t+iev(sys)) if lev (Si,Sj) >1/2
) l—lev(si,sj) . )

———J°  otherwise

[0028] The test lev(s;, s;) > /2 determines when too many edits are required
in order to transform one string to the other. This test may be used as a
criterion, which has the meaning that if the number of changes would affect
more than half of a string, then one should penalize the final score. This
threshold works well for our product similarity computation problem. The
threshold value may be set to a different value depending on the domain and
the application. Using the example strings above and the normalized
Levenshtein distance, the strings “hp6500” and “hp5500” would have a product
similarity score of 0.83, while the strings “officejet 6500” and “officejet 5500”
would have a product similarity score of 0.923.

[0029] As noted above, determining the product similarity score and the OS
similarity score may involve applying one or more algorithms. The objective of a

second algorithm is to identify when two strings that differ substantially actually
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refer to the same product. For example, the strings “hp officejet 6310” and the
string “6310” would have a low score based on the normalized Levenshtein
distance function alone (e.g., 0.15). For example, the two strings are relatively
short and have a large number of character differences between the two strings.
However, the second algorithm would provide a higher score indicating that the
two strings may refer to the same product because of the use of the same
model number.

[0030] In one example, the second algorithm may be a Jaccard similarity
function. In one example, the Jaccard similarity function may be right ordered
(e.g., r-ordjacc). The Jaccard index measures the size of the intersection of the
two sets divided by the size of their union. The ordered Jaccard similarly takes
into account the position of elements in the two strings as well as the length of
each element. There are two possibilities when considering the position of
elements in two strings. The function may give more importance to larger
elements in top positions that coincide resulting in a higher similarity score (e.qg.,
this is called a left-ordered Jaccard). For example, applied to products,
products of the same family with different model information would have a
higher score using the Jaccard similarity function than products of different
families with similar model information. Another possibility when considering the
position of the elements of the two strings is to have the function give more
importance to larger elements in bottom positions that coincide resulting in a
higher similarity score (this is called the right-ordered Jaccard).

[0031] In one example, the left-ordered Jaccard index function is described
as follows. A string s; (e.g., a product description) can be represented as an
ordered set S; of tokens such that S[A] is the k-th token in s;, n; is the number of
tokens in s; and hence the size of S;. Furthermore, len(Sik]) is the length of the
token S[k]. Given two strings s; and s;, their respective ordered sets are S; and
S; with n; and n; being their corresponding sizes. Sets may have different sizes.
Let n = max(n;, n). To compute the left-ordered Jaccard similarity, one may
‘left-align’ the two sets by ‘padding’ the smaller set with empty tokens at its end.
Then, the left-ordered Jaccard similarity returns the product similarity score

giving priority to the left positions in the strings. In one example, the left-ordered
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Jaccard index function may be stored in the DB 106 and retrieved and executed
by a processor. In one example, the left-ordered Jaccard index function may be

expressed as follows:

Yein Wi * 1/k * (len(Sl-lkl) + len(Sjlkl))

l —ordjacc(S;,S;) =
(55) Sem1m 17k * (len(S;1kl) + len(s; k1))

where wy, = 1 if S;|k| == S;|k| and w;, = 0 otherwise.

[0032] The left-ordered Jaccard index function can be also expressed in a
form that gives priority to the last positions. In this case, the Jaccard similarity
would right-align s; and s; and pad the smaller set at the left positions. The
right-ordered Jaccard similarity is denoted r-ordjacc. Using the r-ordjacc based
on the left-ordered Jaccard index function described above for the example
strings above, the similarity score of the “hp officejet 6310” and “6310” would
only be 0.15 using normlev of normalized Levenshtein distance, but would be
0.42 with the r-ordjacc.

[0033] In one example, combining together the scores determined from
Levenshtein distance and the left-ordered Jaccard index function, a processor
may then compute the similarity of two products sx and sy by applying a

combination of the functions as shown below:
sim(sx,sy) = max (normlev(sx,sy),r — ordjacc(sx,sy))

That is, the similarity of the two products is the maximum of the partial similarity
scores of the products computed by the different algorithms. A different
combining function could also be used, such as the minimum or average.

[0034] A processor may compute the similarity of two posts or threads d; and
d; based on the lists P; and P; of products mentioned in the posts or threads by

applying a function below:

simp (dl-, dj) = max{sim(sx, Sy) |st6Pl- , Vsyer}
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where sim(sx,sy) = max (normlev(sx,sy),r — ordjacc(sx,sy)).

That is the similarity of the two posts is computed by considering the maximum
similarity of the products mentioned in the two posts. A different combining
function could be also used that computes the similarity of the two posts by
considering for example the minimum or average similarity of their product lists.
Similarly, a processor may compute the OS similarity score as simos(d;, d))

using the normalized Levenshtein distance function, the left or right ordered
Jaccard index function and the combination of functions as described above.
[0035] After the topic similarity score, the product similarity score and the OS
similarity score are each determined, each score will produce a different ranking
list of recommendations for previous posts 108 with respect to the original post.
However, the different ranking lists may not coincide with one another. For
example, the original post 110 and a previous post 108 may have a high topic
similarity score referring to the same topic, but may not refer to the same
product and have a low product similarity score. In another example, the
original post 110 and a previous post may have high OS similarity score, but
may refer to different problems and have a low topic similarity score.

[0036] As a result, the topic similarity score, the product similarity score and
the OS similarity score may be fed to a multi-aspect recommendation module
120. The multi-aspect recommendation module 120 may include instructions for
the processor to determine the top k recommendations. In one example, the top
k recommendations may be based on an overall similarity score determined by
the multi-aspect recommendation module 120. In one example, the overall
similarity score may be based on the topic similarity score, the product similarity
score and the OS similarity score. In one example, the topic similarity score, the
product similarity score and the OS similarity score can each be weighted and
summed to obtain the overall similarity score. In one example, a processor may
communicate with the DB 106 to retrieve and execute a function to calculate the
overall similarity score. In one implementation, the processor may calculate the

overall similarity score using a function as described below:
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S = as*simr + a>*simp + az*simos,

where a1, az and a;s are different weights (e.g., a value between 0 and 1) for the
topic similarity score simr, the product similarity score simp and the OS similarity
score Simos.

[0037] In another example, the top k recommendations may be based on
other score methods that use the topic similarity score, the product similarity
score and the OS similarity score. For example, the top k recommendations
may be based on the topic similarity score and then re-ordered based on a
combination of the product similarity score and the OS similarity score.

[0038] Thus, after all of the scores s are determined for each one of the
previous posts 108, the top k previous posts 108 can be filtered and selected as
the top k recommendations. The top k recommendations may be sentto a
display device of the customer that submitted the original post 110. For
example, the display device may be part of the endpoint device 124 or 126
(e.g., a monitor). In one example, if the original post 110 included multiple
products or operating systems, the overall similarity score may be determined
for each product and OS identified in the original post 110.

[0039] In one example, the topic similarity scores, the product similarity
scores, the operating system similarity scores and overall similarity scores may
be pre-determined between the plurality of previous posts and stored in the DB
106. In one example, the original post 110 may be one of the plurality of
previous posts selected by the user. As a result, the topic similarity scores, the
product similarity scores, the operating system similarity scores and overall
similarity scores may be pre-determined as noted above and the top k
recommendations may be quickly provided to the user.

[0040] FIG. 2 illustrates an example of an original post 110 and
recommendations 122 of previous posts 108 based on an overall similarity
score that assumes an equal weighting for each one of the topic similarity score,
the product similarity score and the OS similarity score. For example, the
original post 110 may be “my HP OfficeJet 6500 will not connect to my PC

running Windows 7. A first previous post 108 may be “troubleshooting HP
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OfficeJet 6500 connection issues on Windows 7” may have a highest overall
similarity score of 2.980. For example, the topic similarity score for the first
previous post 108 may be determined to be 0.980 as both the first previous post
108 have a similar topic of connection issues. The product similarity score may
be a perfect 1.000 as the product is an exact match of “HP OfficeJet 6500” and
the OS similarity score may be a perfect 1.000 as the OS is an exact match of
“Windows 7.”

[0041] Similarly, the second previous post 108 may be “problems with HP
Office Jet 6500 on Windows” and have an overall similarity score of 2.730. The
topic similarity score for the second previous post 108 may be determined to be
0.750. Both are related to a problem but the second previous post 108 is more
general to problems than a specific connection issue. The product similarity
score may be a perfect 1.000 as the product is an exact match of “HP OfficeJet
6500”. The OS similarity score may be determined to be 0.980 as the OS is
identified generally as “Windows” in the second previous post 108, rather than
specifically “Windows 7" identified in the original post 110.

[0042] The overall similarity scores for the third, fourth and fifth previous
posts 108 may be calculated in a similar way. In the example illustrated in FIG.
2, the recommendations may be provided based on a descending order of the
overall similarity score. It should be noted that although five recommendations
are illustrated in FIG. 2 any number of recommendations may be provided (e.g.,
one or more).

[0043] As a result, examples of the present disclosure provide product
aware, OS aware and topic based recommendations to customers in response
to questions posted by the customer in an online product discussion or forum
service. The examples of the present disclosure provide previous posts to the
customer to answer the question of the customer that accurately addresses the
topic, the product and the OS contained in the customer’s question.

[0044] FIG. 3 illustrates a flowchart of a method 300 for providing product
aware, operating system aware and topic based recommendations. In one
implementation, the method 300 may be performed by the AS 104 or a
computer as illustrated in FIG. 5 and discussed below.
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[0045] At block 302, the method 300 begins. At block 304, the method 300
determines a topic similarity score, a product similarity score and an operating
system similarity score between an original post and each one of a plurality of
previous posts. For example, a processor may identify a topic, a product and an
operating system in the original post based on pre-established models. Based
on the topic, the product and the operating system that is identified, the
processor may compare the topic, the product and the operating system to a
topic, a product and an operating system identified in each one of the plurality of
previous posts.

[0046] At block 306, the method 300 determines an overall similarity score of
the each one of the plurality of previous posts based on the topic similarity
score, the product similarity score and the operating system similarity score. In
one implementation, the processor may sum the topic similarity score, the
product similarity score and the operating system similarity score to determine
the overall similarity score. In another implementation, a weight may be applied
to the topic similarity score, the product similarity score and the operating
system similarity score.

[0047] At block 308, the method 300 sends a recommendation based on the
overall similarity score of the each one of the plurality of previous posts to a
display device. For example, the recommendations may include a top k number
of previous posts based on the overall similarity scores. At block 310, the
method 300 ends.

[0048] FIG. 4 illustrates a flowchart of a method 400 for providing product
aware, operating system aware and topic based recommendations. In one
example, the method 400 may be performed by the AS 104 or a computer as
illustrated in FIG. 5 and discussed below.

[0049] At block 402 the method 400 begins. At optional block 404, the
method 400 creates a topic model, a product recognition model and an OS
recognition model. In one example, the models may be created using the
methods described above. In another example, the models may be obtained
from third parties that have created the topic model, the product recognition

model and the OS recognition model externally.
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[0050] At block 406, the method 400 receives an original post. For example,
the original post may be a new post to an online product discussion service or
forum that includes a question about a company’s product. The service or
forum may be operated and maintained by the company that produces the
product or products to provide quick answers to questions that customers may
have. The forum may allow a user to write a post that includes a question about
a product and operating system. The post may then be processed to identify a
topic, the product and the operating system.

[0051] For example, the user may post on the forum “what does XYZ error
message mean on my HP 6150 laptop running OS version 8?” The topic may
be identified as “XYZ error message,” the product may be identified as “HP
6150 laptop,” and the OS may be identified as “OS version 8.” The identified
topic, product and OS may then be used to determine similarity scores between
the original post and each one of the previous posts stored in a database. For
example, a similar previous post would most likely have answers already posted
that would help the customer with the same problem.

[0052] At block 408, the method 400 determines a topic similarity score, a
product similarity score, and an OS similarity score between the original post
and each one of a plurality of previous posts. In one example, the topic
similarity score may be determined using a cosine similarity score determined
using the cosine similarity function and a bagging method described above. In
one example, the product similarity score and the OS similarity score may be
determined using a combination of a Levenshtein distance and a Jaccard index
using the normalized Levenshtein distance function, the left or right ordered
Jaccard index function and the combination of functions as described above.
[0053] At block 410, the method 400 determines an overall similarity score of
the each one of the plurality of previous posts based on the topic similarity
score, the product similarity score and the OS similarity score. In one example,
the overall similarity score may be a weighted sum of the topic similarity score,
the product similarity score and the OS similarity score. In one example, the
overall similarity score may be determined using the function to calculate the

overall similarity score described above.
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[0054] At block 412, the method 400 sends a recommendation of a top k
number of the plurality of previous posts based on the overall similarity score of
the each one of the plurality of previous posts to a display device. For example,
the top k recommendations may be sent to an endpoint device of the customer
having a monitor or display. The customer or user may then review the top k
recommendations of the previous posts on his or her endpoint device.

[0055] At block 414, the method 400 determines if there are any additional
original posts. For example, if the customer submits another original post or the
original post contained multiple products, the method 400 may return to block
406. The method 400 may then repeat blocks 406-414.

[0056] However, if there are no additional original posts, the method 400
may proceed to block 416. At block 416, the method 400 ends.

[0057] As a result, the examples of the present disclosure improve the
functioning of an application server or a computer. For example, the AS 104
may provide more accurate recommendations of previous posts in response to
an original post by a customer based on a product, OS and topic identified in
the original post that could not otherwise be verified without the improvements
provided by the present disclosure. In other words, the technological art of
matching previous posts to an original post is improved by providing a computer
that is modified with the ability to provide accurate recommendations based on
the product, the OS and the topic contained in the previous posts and the
original post, as disclosed by the present disclosure.

[0058] It should be noted that although not explicitly specified, one or more
blocks, functions, or operations of the methods 300 and 400 described above
may include a storing, displaying and/or outputting step as required for a
particular application. In other words, any data, records, fields, and/or
intermediate results discussed in the methods can be stored, displayed, and/or
outputted to another device as required for a particular application.
Furthermore, blocks, functions, or operations in FIGs. 3 and 4 that recite a
determining operation, or involve a decision, do not necessarily require that both
branches of the determining operation be practiced. In other words, one of the

branches of the determining operation can be deemed as an optional step.
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[0059] FIG. 5 depicts a high-level block diagram of a computer that can be
transformed to into a machine that is dedicated to perform the functions
described herein. Notably, no computer or machine currently exists that
performs the functions as described herein. As a result, the examples of the
present disclosure improve the operation and functioning of the computer to
validate a hard disk drive, as disclosed herein.

[0060] As depicted in FIG. 5, the computer 500 comprises a hardware
processor element 502, e.g., a central processing unit (CPU), a microprocessor,
or a multi-core processor, a memory or storage 504, e.g., random access
memory (RAM) and/or read only memory (ROM), a module 505 for providing
product aware, operating system aware and topic based recommendations, and
various input/output user interface devices 506 to receive input from a user and
present information to the user in human perceptible form, e.g., storage devices,
including but not limited to, a tape drive, a floppy drive, a hard disk drive or a
compact disk drive, a receiver, a transmitter, a speaker, a display, a speech
synthesizer, an output port, an input port and a user input device, such as a
keyboard, a keypad, a mouse, a microphone, and the like. Although only one
processor element is shown, it should be noted that the computer may employ a
plurality of processor elements. Furthermore, although only one computer is
shown in the figure, if the method(s) as discussed above is implemented in a
distributed or parallel manner for a particular illustrative example, i.e., the blocks
of the above method(s) or the entire method(s) are implemented across multiple
or parallel computers, then the computer of this figure is intended to represent
each of those multiple computers. Furthermore, one or more hardware
processors can be utilized in supporting a virtualized or shared computing
environment. The virtualized computing environment may support one or more
virtual machines representing computers, servers, or other computing devices.
In such virtualized virtual machines, hardware components such as hardware
processors and computer-readable storage devices may be virtualized or
logically represented.

[0061] It should be noted that the present disclosure can be implemented by

machine readable instructions and/or in a combination of machine readable
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instructions and hardware, e.g., using application specific integrated circuits
(ASIC), a programmabile logic array (PLA), including a field-programmable gate
array (FPGA), or a state machine deployed on a hardware device, a computer
or any other hardware equivalents, e.g., computer readable instructions
pertaining to the method(s) discussed above can be used to configure a
hardware processor to perform the blocks, functions and/or operations of the
above disclosed methods. In one example, instructions and data for the present
module or process 505 for providing product aware, operating system aware
and topic based recommendations, e.g., machine readable instructions can be
loaded into memory 504 and executed by hardware processor element 502 to
implement the blocks, functions or operations as discussed above in connection
with the exemplary methods 300 and 400. Furthermore, when a hardware
processor executes instructions to perform “operations”, this could include the
hardware processor performing the operations directly and/or facilitating,
directing, or cooperating with another hardware device or component, e.g., a co-
processor and the like, to perform the operations.

[0062] The processor executing the machine readable instructions relating to
the above described method(s) can be perceived as a programmed processor
or a specialized processor. As such, the present module 505 for providing
product aware, operating system aware and topic based recommendations,
including associated data structures, of the present disclosure can be stored on
a tangible or physical (broadly non-transitory) computer-readable storage device
or medium, e.g., volatile memory, non-volatile memory, ROM memory, RAM
memory, magnetic or optical drive, device or diskette and the like. More
specifically, the computer-readable storage device may comprise any physical
devices that provide the ability to store information such as data and/or
instructions to be accessed by a processor or a computing device such as a
computer or an application server.

[0063] It will be appreciated that variants of the above-disclosed and other
features and functions, or alternatives thereof, may be combined into many
other different systems or applications. Various presently unforeseen or

unanticipated alternatives, modifications, variations, or improvements therein
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may be subsequently made by those skilled in the art which are also intended to

be encompassed by the following claims.
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What is claimed is:

1. A method, comprising:

determining, by a processor, a topic similarity score, a product similarity
score and an operating system similarity score between an original post and
each one of a plurality of previous posts;

determining, by the processor, an overall similarity score of the each one
of the plurality of previous posts based on the topic similarity score, the product
similarity score and the operating system similarity score; and

sending, by the processor, a recommendation based on the overall
similarity score of the each one of the plurality of previous posts to a display

device.

2. The method of claim 1, wherein the original post comprises a question

about a product.

3. The method of claim 1, wherein the original post and the plurality of

previous posts are within an online product discussion service.

4. The method of claim 1, wherein the determining the topic similarity score
comprises:

creating, by the processor, a latent topic model using a machine learning
algorithm; and

calculating, by the processor, a similarity between the original post and
the each one of the plurality of previous posts based upon the latent topic
model.

5. The method of claim 4, wherein the latent topic model comprises a
plurality of different latent topic models and further comprising, performing a
calculation of the similarity for each one of the plurality of different latent topic
models and averaging the similarity for the each one of the plurality of different

latent topic models.
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6. The method of claim 1, wherein the determining the product similarity
score and the operating system similarity score each comprises:

calculating, by the processor, a first similarity score based on a difference
between a first string and a first length of a product or a operating system in the
original post and a second string and a second length of the product or the
operating system in one of the plurality of previous posts;

calculating, by the processor, a second similarity score based on the first
string and the second string, the first length of the first string and the second
length of the second string and a position of each element within the first string
and the second string; and

combining, by the processor, the first similarity score and the second

similarity score.

7. The method of claim 6, wherein the first similarity score is determined

using a Levenshtein distance function.

8. The method of claim 6, wherein the second similarity score is determined
using an ordered Jaccard function.

9. The method of claim 1, wherein the topic similarity score, the product
similarity score and the operating system similarity score each has a different

weight for calculating the overall similarity score.

10.  An apparatus comprising:

a processor;

a storage coupled to the processor, wherein the storage is configured to
store a plurality of previous posts;

a topic similarity module in communication with the processor, wherein
the topic similarity module is configured to determine a topic similarity score
between an original post and each one of the plurality of previous posts;

a product similarity module in communication with the processor, wherein
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the product similarity module is configured to determine a product similarity
score between the original post and each one of the plurality of previous posts;

an operating system similarity module in communication with the
processor, wherein the operating system similarity module is configured to
determine an operating system similarity score between the original post and
each one of the plurality of previous posts; and

a multi-aspect recommendations module in communication with the topic
similarity module, the product similarity module, the operating system module
and the processor, wherein the multi-aspect recommendations module is
configured to determine an overall similarity score of the each one of the
plurality of previous posts based on the on the topic similarity score, the product
similarity score and the operating system similarity score and providing a
recommendation based on the overall similarity score of the each one of the

plurality of previous posts to a display device.

11.  The apparatus of claim 10, further comprising:

a product recognition module in communication with the processor,
wherein the product recognition module is configured to apply one or more
recognition models to the original post to identify a topic, a product and an

operating system contained in the original post.

12.  The apparatus of claim 10, wherein processor is further configured to:
create a latent topic model using a machine learning algorithm; and
determine a similarity between the original post and the each one of the

plurality of previous posts based upon the latent topic model.

13.  The apparatus of claim 10, wherein product similarity module and the
operating system similarity module are each further configured to:

determine a first similarity score based on a difference between a first
string and a first length of a product or a operating system in the original post
and a second string and a second length of the product or the operating system

in one of the plurality of previous posts;
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determine a second similarity score based on the first string and the
second string, the first length of the first string and the second length of the
second string and a position of each element within the first string and the
second string; and

combine the first similarity score and the second similarity score.

14.  The apparatus of claim 10, wherein the topic similarity score, the product
similarity score and the operating system similarity score each has a different

weight for calculating the overall similarity score.

15. A non-transitory machine-readable storage medium storing instructions
executable by a processor, the machine-readable storage medium comprising:

instructions to determine a topic similarity score, a product similarity
score and an operating system similarity score between an original post and
each one of a plurality of previous posts;

instructions to determine an overall similarity score of the each one of the
plurality of previous posts based on the topic similarity score, the product
similarity score and the operating system similarity score; and

instructions to send a recommendation of a top K number of the plurality
of previous posts based on the overall similarity score of the each one of the

plurality of previous posts to a display device.
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