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METHODS 

Abstract. This article proposes a solution for filtering and categorizing 
user feedback on software products, which can be overwhelming in quantity and 
often includes uninformative or fake reviews. The proposed approach involves 
using machine learning methods for classifying reviews into categories such as 
error reports, product feature requests, and other reviews. The article compares 
the performance of different classification ML algorithms and investigates the 
impact of preprocessing options on classification accuracy. Additionally, the 
article addresses the task of identifying groups of similar reviews in each 

category, which can be useful for detecting duplicates and identifying patterns. 
The proposed solution is tested on a dataset and compared with existing 
solutions. The article concludes by highlighting the novelty and potential 
benefits of the proposed approach for improving the quality of user feedback and 
enhancing the reputation of software products. 

Keywords: Naive Bayesian classifier, error reports, product functionality 
request, review, support vector machine, ROC AUC, recall. 

Hokk 

Annarma.  byr Makamaza  GarzapiaMainslk  ©HIMIEp  Typalsl 

majifamaHyIsl MIKIPIAEpIH CY3riley SKoHe CaHaTTay LIeINiMi YCBIHBUIAIBL 
ONMapIBIH CaHBI eTe Kell OOTysl MYMKIH KoHe KeOlHece aKIapaTCEI3 HeMece 
JKaJFaH MOTyIapIaH Typaabl. ¥ CBIHBUTFAH TICUT IIOMY/Iapabl KaTenep Typatbl 
ecenTep, ©HIM MYMKIHIIKTepiHe cypaynap jkoHe OacKa IIOTyJap CHAKTEI 
caHaTTapra GeTy YIIiH MalNIHAIBIK OKBITY dIiCTepiH MaiilaJaHyIsl KaMTHIBL. 
Makarazia MaIIHATIBIK OKBITYIBIH 2PTYPIIi JKIKTey alropHTMIePIHIH OHIMILTIT] 
CaTTBICTBIPEIIAIBI JKaHe aJUIBIH ala eHIeY MapaMeTpIIepiHiH KIKTey Io/lriHe 

acepi 3eprreneni. CoHBIMEH KaTap, Makala dp CAaHATTAaFkl YKcac LIOTYJIap 
TONTAPEIH AHBIKTAY MacejeciH Iemreni, Oy KaiiTalaHyIapIsl aHBIKTAy KaHe 
YIridepai aHBIKTAay YIIH Taiizamsl GOMYEl MyMKiH. YCBIHBUIFAH IIeIliM 

JlepeKTep KHBIHBIHIA CHIHATAIbI jKoHe Gap IIelliMuepMeH CasIbICThIPhIIAIEL. 
Makana mailzanaHyUIBIHEIH Kepl OailTaHBICBIHEIH CAIlachlH KaKCapTy KoHe 
GarmapmaMarblK OHIMIEPIiH OeleliH apTIBIPY YIIH YCHHBUFAH TACLIIIH 
JKaHATBIFBI MEH BIKTIMATT apTHIKIIBLIEIKTAPETH KOPCeTYMeH asgKTala bl. 
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Tyitin ce3xep: Naive Bayes knaccu(HKaTopsl, KaTe Typaisl ecell Oepy, 

©HIM ()YHKIHOHAIBIFEIHA CYpay, 0Ty, BEKTOPIBIK MaIIHAHB Kotay, ROC 
AUC, Kepi makeIpy 

sokk 

AnHOTANHSA. B 3ToIf cTaThe MpeTaraeTcs pemierie A1 QUIBTPAIII 1t 
KaTer opH3allii OT3EIBOB MOJb30BaTeIeli O MPOrpaMMHEIX MPOIYKTaX, KOTOpEIe 
MOTYT GBITH OTPOMHBIMI 1O KOJIYECTBY I 4aCTO COIepiKaT HeHH(OPMATIBHEIE 
W TOJIeNbHEIe OT3BIBEL IIpe/rtaraemplii moxXo BKIIOUAET HCMOTb30BAHHE 
METO/I0B MAIINTHHOTO 00YUeHIs 171 KIacCHOUKAIIII 0030pOB 110 KaTerOpPHAM, 
TAKIIM KaK OTUeTHl 00 oImIdKax, 3apock! Ha 1odaBiienne QyHKIIIT IPOIyKTa I 
Ipyrie 0030psl. B cTaThe CcpaBHIIBaeTCA MPON3BOANTETBHOCTh PA3TIITHEIX 
AIropHTMOB KTacCH(NKAINN MANIMHHOTO O0YUeHIA I ICCilenyeTcs BIIHIe 
TapaMeTpoB MpeIBapHTeTbHON 00pabOTKII HAa TOUHOCTH KiIacCH(HKAIMIL 
JlomonHNTeTsHO B CTaThe pelllaeTcs 3aJauya BBIABIEHHS TPYNI MOXOKHX 
OT3BIBOB B KaKIOif KaTerOpHH, YTO MOKET OBITh MOJE3HO I BBIABISHHSA 
IyOMIKaTOB M BBIABIEHIA 3aKOHOMepHocTeii. IIpennaraemoe —permrerie 
TecTHpyeTcs Ha Habope NaHHBIX 1 CPAaBHIBACTCS C CYIIECTBYHOIIIMIT 
pemerisivi. CTaThs 3aBepuIaeTCs BbIA€TEHIEM HOBI3HBI I MOTEHLHAIbHBIX 
TIPENIMYIIECTB TIPEIaraeMoro Mmoixoxa JUld YIydYLIeHHS KauecTBa OT3BIBOB 
MoMTb30BaTeTell 1 MOBBIIEHNS Py TAIINH MPOrPAMMHBIX TTPOTYKTOB. 

Kouesle ci1oBa: HansHelil GaifiecoBekili K1accu(ikaTop, 0TueTs 00 

ommobkax, 3ampoc (YHKINOHATEHOCTH MPOAYKTa, 0030p, METOX OMOPHBIX 
BekTOopoB, ROC AUC, nomHoTta 

ok 

1 Introduction 

Nowadays, there are a huge number of platforms for creating and 
launching software products and applications. Over the current year, about 
hundreds of billions of applications have been downloaded [1], and this is only 
taking into account mobile platforms. Recent studies show a strong influence of 
user feedback on the success of a software product [2]. 
Reviews help other users to navigate when choosing a software product. A huge 

number of reviews contain information about errors, requests for improvement 
[3]. This information can be useful in improving the software product, 
maintaining it. 
The number of such reviews for a popular product can reach hundreds of 
thousands [4], some of which are uninformative and repetitive. With so many 
reviews, the task of filtering and parsing useful information becomes difficult 

for developers and analysts. 
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Obviously, the sheer amount of reviews is worrying. It highlights how common 
fake online reviews are currently, highlighting the importance of both being 
vigilant and knowing how to remove them. 
The penetration of unnecessary reviews into this area of reputation management 
endangers the reliability of reviews in general - if consumers are faced with a 
growing number of unsorted fake reviews, it is likely that we will soon begin to 

experience peer-to-peer trust. The purpose of the study is to compare a number 
of existing solutions for classifying reviews into predetermined categories, as 
well as to study solutions to automatically identify similar reviews with the 
subsequent selection of the most effective classification methods. 
Dividing user feedback into error reports, product feature requests, and other 
reviews helps both sellers and buyers read the necessary and informative 
portions of the huge number of comments. Below are more details about these 
types of categories: 
1) error reporting 
describe problems with a software product that need to be fixed in the future, 
such as product crashes, misbehavior, performance issues 
2) product functionality requests 

requests to add functionality, for example, existing in other products, lack of 
content, ideas on how to make the application better; 
3) uninformative reviews 

the category combines non-informative judgments, such as a description of 
already existing product capabilities, experience of use in specific situations, 

admiration, dissatisfaction. Such reviews reflect information that can be read 
from advertisements or documentation for a software product or is unfounded 
criticism, praise. 
The solution to this problem can be reduced to solving its constituent parts, such 
as: 
1 classification of all feedback from users into categories: bug reports, 

requests for product functionality, other judgments. 

2 determination of groups of similar reviews in each of the categories. 
3 checking for correspondence between the created tasks of developers and 

significant tasks generated by the model [5]. 
The task of identifying groups of similar reviews in categories can be attributed 
to the task of identifying duplicates. There are no specific categories when 

solving this problem. The task can be attributed to the class of unsupervised 
learning methods. We have a description (signs) of a set of objects (reviews), it 

is required to detect internal relationships, patterns that exist between objects 
(reviews). Often this problem is solved by graph algorithms [6]. 
Dividing the main task into several stages has the obvious goal of improving the 
classification accuracy, and then, creating clusters of similar reviews. 

The novelty of this work lies in the creation of an integrated and general 
approach to the solution, comparing existing solutions on the same data set. 
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The rest of the article is structured as follows: after providing related works with 
an overview of existing methods in Section 2, Section 3 presents the 
methodological part of the research work. Results of the study and discussion 
are described in Section 4. Finally, Section 5 concludes the work. 

2 Related works 

2.1 Classification of reviews 

In [5], machine learning methods were considered as applied to the 
classification of reviews. The paper compares such algorithms as the Naive 
Bayesian classifier, decision tree, and the maximum entropy method. Each 
review was presented as a set of words. It is shown that the Naive Bayesian 
classifier is the most accurate among the presented ones. 
A big role is given to the preprocessing of reviews. The dependence of the 
classification quality on the preprocessing options was investigated. The 
following preprocessing options are considered: removal of stop words (words 
that occur in many documents and do not carry a semantic load, such as a, has, 
once, and so on), stemming (finding the stem of a word for a given source word: 
cats, catty — cat; stems, stemmer — stem, and so on), lemmatization (bringing 

a word form to its dictionary form: better — good; walking — walk, and so on). 
For example, removing stop words increases precision, while lemmatization 
decreases precision when defining feature requests. In general, you need to be 
careful about removing stop words and lemmatization. When deleting stop 
words, we should not take into account the words - want, please, can, which may 

adversely affect the classification. Considering metadata can improve the 

classifier. 
In [7], the support vector machine (SVM) was considered in relation to the 
problem of text classification. The documents were also converted into a set of 
words, but the words that were present in the documents more than 2 times and 
were not stop words were taken into account. Support vector machine is sensitive 
to the dimension of the document matrix and taking into account large the 
number of words will have a big impact on performance. One of the ways to deal 
with a large number of document features is to use the principal component 
analysis (PCA) to reduce the dimension, which inevitably leads to a decrease in 

the analyzed information. The TF-IDF method was applied with subsequent 
vector normalization. The experiments compared SVM classifiers with different 
kernels (polynomial, radial basis function) with other classifiers on medical and 

similar documents. Support vector machine with radial basis function showed 
the best result. 
The work [8] is devoted to the use of n-grams in the problems of text 
classification (n-grams are a sequence of n elements, symbols). This approach 
eliminates the need to create error handling systems in reviews and documents. 
The approach is resistant to errors in words, misplaced punctuation marks, and 

effective on small documents. In order for the classifier to be sensitive to the 
beginning and end of words, a certain number of '_' characters are added to the 
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words at the beginning and at the end. That is, 2-grams of the word TEXT: _T, 
TE, EX, XT, T_. The documents were stripped of numbers and punctuation 
marks, and broken into tokens. Tokens formed n-grams withn=1,2,3.4,5. It was 

shown in the work that the use of n-grams successfully solves the problem of 
text classification. 

2.2 Searching groups of similar reviews 

This task belongs to the class of unsupervised learning tasks. Only 
descriptions of many objects are known. The classical approach to solving this 
problem is to represent an object (recall) as a set of characteristics (attributes) 
and take into account the distances between objects when creating clusters 
(distance matrix). Therefore, this problem is often solved by graph clustering 
algorithms. 
In [6], an attempt is made to create an automatic search for duplicate reviews for 
the Bugzilla bug tracking system. In this work, preprocessing of the initial set of 
documents is carried out and the problem is reduced to solving the clustering 
problem on graphs, the solution of which, in turn, is taken from [9], where graphs 
are used to study groups in social networks. This bug tracker is an open source 

bug reporting database with manually tagged duplicate bugs. A bag of words 
model was used to turn error reports into feature vectors. Used such document 
preprocessing tools as stemming, lemmatization, removal of stop words. It 
should be noted that two sets of texts were formed - the headings and the text of 
the report were taken into account separately, since they give different 
contributions to the report. Each document was represented by a vector (w1, wa, 
<.y Wm), Where w; = 3 + 2 * log2 (the number of i words in the document). These 

coefficients were found on the basis of a set of documents, only the logarithmic 
dependence is important. Next, the distance between words (the similarity of two 
feature vectors) is calculated using the popular formula for finding the cosine of 
the angle between them: 

vitvs 
similarity = cos (6) = e (1) 

Next, let’s apply the approach to graph clustering, taken from [9]. When a new 
error report appears, the vector of its title and body is calculated and, depending 
on the proximity to the clusters, a decision is made whether it is a duplicate or 
not. In[10], attempts are made to improve the quality of the classifier using some 
extensions and assumptions, but the idea remains the same. 
3 Methodology 
Before applying the methods mentioned, it is required to pre-process the reviews. 
The classic techniques for preprocessing reviews are lowering all words in a 
review to lower case, stemming, lemmatization, and removing stop words. 

Converting words to lower case can adversely affect the quality of the 
classification for business and official documents. We inevitably lose some of 
the information that can be used for classification. Reviews, on the other hand, 
do not have a strict form and contain many errors, which makes the case of letters 

uninformative, so we do not take into account further. 
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Stemming and lemmatization can both improve and degrade classification 
accuracy. For some tasks, knowledge of numbers, verb tenses are helpful. Let's 
check further the effectiveness of this preprocessing on our dataset. We will use 
the porter stemmer [11]. 
Also, in addition, we will remove all numbers from the reviews. For some 
accounting of numbers, we can replace any sequence of digits with some code 

word _number_ for the possibility of accounting for them by the algorithm. 
Without taking into account the punctuation marks, the review can be 
represented as a set of words and for this presentation of reviews, use the TF- 
IDF formula. 
Let's compare the various algorithms discussed above on the received set of 
reviews. 

For each of the algorithms there is one or several customizable coefficients, 
which we will also vary to obtain the maximum value for the selected metric. 
3.1 Data Collection 
To solve this problem, reviews of the eBay software product were taken from 
the AppStore. The choice was based on the popularity of the software product, 

and, accordingly, a huge number of reviews for training. But, obviously, the 
solution to the problem applies to reviews of other products. 
39,980 reviews were received on eBay in English. Each review consists ofa title, 
a review body, date of creation, username, rating on a five-point scale. 
The key problem at this stage is the lack of labeled data, the inevitability of 
manual labeling into certain categories. A sample of 2,000 reviews was tagged 

for bug reports, feature requests, and non-descriptive reviews. These reviews 
were selected at random from the entire set of reviews received (39,980) and are 

representative of the entire sample. Each of the 2,000 reviews could fall into one 
or more categories. 
Examples of reviews: 
1 "After new iPad replacement using restore it can't login or failure time out. 

Just an ever spinning wheel of uselessness. Multiple reboots, deletes and 
reinstalls are no help." (bug report). 

2 “Everything works pretty good no real problems just wish I was able to see 
my eBay bucks made per item. And total. " (request for functionality). 

3 “Awesome App!!! On here all the time doing lots of shopping! Never had 
one issue, well besides a couple of items not showing up” (uninformative 
review). 

The features of reviews for a software product are the average length of a review 
(usually 3-5 sentences), frequent mistakes in words and punctuation, noisy text 
with punctuation marks that make up emoticons, a large proportion of reviews 
with a pronounced positive / negative emotional connotation. 
After receiving feedback, we perform the following initial preprocessing of the 
data: 

1 We leave reviews written in English only. 
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- the sample included reviews that were also written in Spanish, despite the 
fact that the country from the review is listed as America. 

2 Converting all letters to lowercase. 
- as a rule, users writing reviews from mobile devices do not care about the 
correct case and this information can be taken into account, but only after careful 
analysis. 

3.2 Evaluation Metrics 
To assess the quality of the algorithms, we will use the area under the ROC 
curve. This curve helps to assess the quality of the binary classification. The 
ROC curve shows the dependence of the proportion of true positive 
classifications on the proportion of false positive classifications when varying 
the decision rule threshold (TPR (FPR)). 

False Positive Rate (FPR): 

my _ ZimilaCx) = +1][y, = +1] 
TPR(a,X™) = TSy, =+l @ 

True Positive Rate (TPR): 

LalaCx) = +1]ly, = -1] 
Yy =-1] (3) 

where a(x) is a classifier, X = (x, x2, ..., X, is a sample of objects, (v1, v, ..., 

) are the correct answers corresponding to them. 
This ROC curve is constructed as follows. Let it be required to divide the set X' 
into two classes: positive (+1) and negative (-1). Suppose that with the help of 
the classifier a(x) we can somehow get the probability f{x) that the object x is 
assigned to a positive class. Then the algorithm for calculating the ROC curve is 

as follows: 
1 We calculate the representatives of classes +1 and -1 in the sample: - and 

m + respectively. 
2 Let us sort the objects (x}, X2, ..., X, in descending order of values fix) 

3 ROC curve start point: (FPRy, TPRo): = (0, 0) 
The approximate result of the algorithm is shown in Figure 1: 
Figure 1: AUC curve (TPR versus FPR) for 3 different algorithms. 

FPR(a,X™) = 

H 

H 

0 20 40 60 80 0 
False Posite rate (100-Specticty) 

The method for assessing the quality of the classifier is the area under the 
resulting ROC curve. Ranges from 0.5 (random classifier) to 1.0 (ideal classifier) 
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(If the value is less than 0.5, this means that we actually designated -1 as a 
positive class, and +1 as a negative one). 

The advantage of the ROC curve is that it is invariant with respect to the 
ratio of type I and type II errors. 

Also, the F-measure is often used, defined as: 

e Precfs'f()n * Recall 

Precision+ Recall (4) 

where Precision is the ratio of the number of correctly classified objects 
of a positive class to the total number of positive objects from the classifier, and 
Recall is the ratio of the number of correctly classified objects of a positive class 

to the total number of positive objects. 
To classify reviews by type: bug report, request for functionality, however, 

this F-measure is not entirely indicative. This is due to the fact that in this task it 
is more important for us to track as many error reports and functionality requests 
as possible. That is, in this task Recall is more important for us than Precision. 
In the F metric, we can introduce an additional factor showing the “importance” 

of Recall relative to Precision. But for objective results, we do not do this, and 
we will explicitly calculate Recall. 

The area under the ROC curve is calculated, as a rule, for a binary 

classifier. In the presence of several classes (error reports, functionality requests, 
uninformative reviews), we train the algorithms for each of the mentioned 
classes separately: the review belongs to class A - the review does not belong to 

class A. Thus, for one dataset, we have 3 metric values for each of classes. Recall 
metric is calculated in the same way. This can help us to further see some of the 
features of the classification for each class. 

4 Results and Discussion 
The described algorithms were implemented in the Python programming 

language. As a reminder, the study used a set of user reviews for an eBay product 

from the AppStore. 1974 reviews were left in English, and categorized by class: 
1 error reporting 
2 requests for functionality 
3 uninformative reviews 

The ROC-AUC and Recall metrics were used to determine the quality of 
the classifier. To find a more objective assessment of the quality of the classifier, 
cross-validation in 3 parts was used. 

Table 1: Comparison of classifiers with different feedback preprocessing. NB - 
Naive Bayesian classifier, SVM - support vector machine, word to vec (NN) - 
application of a neural network to transform words into vectors with further use 
of the kNN algorithm. The best indicator for this metric among all methods is 
shown in bold. 
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Metrics 
Error reporting (ROC AUC) | Bug reports (recall) 

NB 0.827 0.732 

NB, (4.10) grams 0.867 0.839 
NB, (4,10) ' '_grams 0.855 0.826 
NB, -stopwords 0824 0711 

g[8 stopwords,men [ s 0790 
2 | tfeatures 
2 [NBitior 0555 0.107 

NB, (410) -grams, -|;q3; 0.779 stopwords 
SVM 0781 0583 
SVM, (3.10) grams 0771 0584 
word to vee (NN) 0.665 0392 

Metrics 
Functionality Requests (ROC | Functionality  requests 
AUQ) (recall) 

~B 0.739 0537 
NB, (4,10) grams 0774 0622 
NB, (4,10) ' '_grams 0.759 0.603 
NB, -stopwords 0.743 0.59 

2 [NB, stopwords, + meta | 630 
'E features 

2 [Bitior 063 0254 
NB, (410) grams, | oo . 
stopwords 
SVM 0677 0381 
SVM. (3.10) grams 0683 0.394 
word to vee (NN) 0.671 0.449 

Table 1 reflects the results of this experiment. For each of the considered 
algorithms, a different preprocessing was applied. NB is a Naive Bayesian 
classifier in words. NB, (4-10) -grams is a Naive Bayesian classifier, but n-grams 
of characters were used instead of words. In experiments, n could vary from 2 to 
14. 

The best classification (ROC metric) for n from 4 to 10, which reflects the “(4- 

10) -grams” record. Similarly. “(4-10) -'_'- grams” notation means using n- 

grams, but taking into account the spaces between words in the form of 
complementing n-grams on the right and left with ' '. The entry “+ meta features” 
means the use of meta information from the review. Namely, the following meta 
information was taken into account. 1) Information about the tenses of the verbs. 
In each review, the number of past, present and future verbs was counted. The 
resulting 3 numbers were normalized and added to the recall vector. 2) The 

length of the revocation in terms of the number of characters of the original 

revocation. 3) Each review from the AppStore is rated in the form of a number 
of stars (from 1 to 5). This rating reflects the satisfaction of the reviewer with 

the product. 
As you can see from Table 1, overall, the classification quality of product feature 
requests is lower than error reporting. This is mainly due to the small number of 
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feature requests in the source data: only 10% of all reviews are requests for 
product functionality, while bug reports are about 25% of the sample. Another 
reason for this behavior may be related to the specificity of product functionality 
requests, which are often a cross between bug reports and non-descriptive 
reviews, reflecting the overall product rating. For example: 
1 “Everything works pretty good no real problems just wish I was able to see 

my eBay bucks made per item. And total. " This review should be attributed 
to the request functionality, however, only “just wish” tells us this. 

2 "PRICES IN THE ADVERTISING is so annoying and wrong. Every time I 
see, for example, C $ 2.98 and US $ 2.25, T know that I'm supposed to pay 
theu.s. Price but I keep getting charged the C price. I know I need to probably 
take this up with PayPal, however, I just want to see the US Prices first and 

just get charged that so I don't have to deal with Paypal on that end. PLEASE 
CHANGE THIS! " Only a portion of this review applies to a product 
functionality request. This feedback can be classified by the algorithm as both 
a bug report and an uninformative feedback. 

Also, it is interesting that with all the set of tunable parameters for the SVM 

method, the support vector machine could not be better than the naive Bayesian 
classifier. 
Using n-grams instead of words in a review improves the classification. This 
circumstance is connected with a large number of errors in reviews, and the use 
of n-grams allows you to take into account errors in a review, counting only parts 
of words. 

Finally, based on the results of a literature review, it was found that this task can 
be solved using machine learning methods. It was also found that the task of 
classifying feedback on feature requests was more difficult for machine learning 
methods than the task of classifying into error reports. It was found that the Naive 
Bayesian classifier on n-grams performs better on the ROC AUC and Recall 
metrics. 

5 Conclusion 
According to the research results, the best classifier is a Naive Bayesian 

classifier in n-grams, taking into account meta information (length of the 
response, verb tenses), an error processing module and based on the calculated 
emotional coloring of the response. 

Further work to improve the classifier can be related to taking into account the 
numbers in the review. For example, there might be a correlation between the 
presence of numbers in a review and its assignment to bug reports or feature 
requests. 
To implement the presented two-level model, it is also required to 
experimentally investigate the effectiveness of the presented methods for 

identifying groups of similar reviews and choose the best one. 
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Future research work can be directed towards creating a common model based 
on the Atlassian JIRA bug tracking system. 
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