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Research on the Influencing Factors of APP Users” Negative Evaluation Behavior

DING Wen-qgiang, MIAO Hong
(School of Economics and Management , Jiangsu University of Science and Technology, Zhenjiang 212003, China)

Abstract: Bad comments will have an impact on APP downloads. Through the text analysis of the bad evaluation of the captured APP
users, explores whether the value—added services launched by developers will have an impact on the consumer’s bad evaluation behav-
ior, and further finds out the factors that cause the consumer’s bad evaluation behavior, providing advice to developers. Using Python
crawling comments, using logical regression model to classify, mining bad information in the comments, using LDA model to pre—pro-
cessed data subject analysis, and the results of visualization and interpretation. Research results show that after a period of time, the
behavior of pushing value—added service will cause users to make bad evaluation behavior, and the quality, function and frequency of
developers pushing paid version of value—added service will play a certain role in regulating its influence process. Developers need to
take a reasonable way to pay attention to push frequency when introducing value—added behavior.
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Fig. 1 Research framework
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Fig.2 LDA model
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APPexchange (https://APPexchange. salesforce. com/) J&
saleforce fEH N -5, 4B 423 000 L5 APP,#14 I
THLH ), BN P48 BB APP, I Python+
Selenium Y 75 15 K 4E APPexchange - & HH 6. 3% APP 19 FH 1 F
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14 068 X ARAFIE . TR Bcdhls WA AN 3 s

Idon't like the shady marketing, poor documentation, and empty promises. I keep getting emails from these people. I never could get
this to connect. As others have mentioned, there is no useful documentation. I don't think that is an accident. I also don't want to talk to
someone about making it work. I wrote my own application with visual studio after trying to play with this one and others. In my case, I
wanted to sync data from existing SF reports to existing google docs spreadsheets. I don't doubt that this was perfect for the people that
gave it 5 stars.
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Fig. 3 Partial test data display
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precision recall fl-score support

0 0.95 0.95 0.95 144

1 0.96 0.96 0.96 156

accuracy 0.95 300
macro avg 0.95 0.95 0.95 300
weighted avg 0.95 0.95 0.95 300

Fig. 4 Logical regression model evaluation
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Choosing Optimal LDA Model
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Table 2 Theme—vocabulary matrix
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Topicl support issue salesforce team time customer product service integration company
Topic2 object custom record datum time field tool easy file standard
Topic3 salesforce APP package solution support install team instal project production
Topic4 email free version send salesforce APP support pay address tool
Topic5 user APP survey set question issue test easy field support
Topic6 salesforce task user event update activity track create time object
Topic7 product account easy user business recommend sale integration salesforce team
Topic8 create lead lightning salesforce file site link account box record
Topic9 field lead account APP time datum tool issue chatter salesforce
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