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Abstract :

Journal of the Korean Applied Science and Technology

This paper proposes a tourism recommendation system in intelligent cloud environment

using information of tourist behavior applied with perceived value.

This proposed system applied tourist information and empirical analysis information that reflected the

perceptual value of tourists in their behavior to the tourism recommendation system using wide and

deep learning technology. This proposal system was applied to the tourism recommendation system by

collecting and analyzing various tourist information that can be collected and analyzing the values that
tourists were usually aware of and the intentions of people's behavior. It provides empirical

information by analyzing and mapping the association of tourism information, perceived value and

behavior to tourism platforms in various fields that have been used. In addition, the tourism

recommendation system using wide and deep learning technology, which can achieve both

memorization and generalization in one model by learning linear model components and neural only

components together, and the method of pipeline operation was presented. As a result of applying

wide and deep learning model, the recommendation system presented in this paper showed that the

app subscription rate on the visiting page of the tourism—related app store increased by 3.9%

compared to the control group, and the other 1% group applied a model using only the same
variables and only the deep side of the neural network structure, resulting in a 1% increase in

subscription rate compared to the model using only the deep side. In addition, by measuring the area

(AUCQ) below the receiver operating characteristic curve for the dataset, offline AUC was also derived

that the wide—and—deep learning model was somewhat higher, but more influential in online traffic.

Keywords - Intelligent cloud, perceived value, Tourism Behavior Intention, wide and deep learning,

tourism recommendation system
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Fig. 1. Study Model.
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Hypothesis 1. Tourist information will have a significant effect on perceived value.
Hypothesis 2. The perceived value will have a significant effect on behavioral intention.
Hypothesis 3. Tourist information will have a significant effect on behavioral intention.

Table. 1 Composition of Questionnaire

Division question | Division question
Tourist information 1 How to use tourism 3
Tourism information utilization and o o .

L 4 Timeliness of tourist information 2
participation
Interactivity of tourism information 2 Reliability of tourist information 3
Diffusion of tourism information 2 Utility value of perceived value 5
Pleasant value of perceptual value 3 Intention to act 4
Demographic characteristics 7 Total 36
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Table. 2 Summary of Research and Analysis Results

ANz A

Hypothesis Adoption
H1. SNS tourism information will have a significant impact on perceived value. Pamg 1
adoption
H 1-1. Timeliness will have a significant impact on utility value.
H 1-2. Interactivity will have a significant impact on utility value. Dismissed
H 1-3. Reliability will have a significant impact on utility value. selection
H 1-4. Diffusivity will have a significant effect on utility value. selection
H 1-5. Timeliness will have a significant effect on pleasure value. Dismissed
H 1-6. Interactivity will have a significant effect on pleasure value. selection
H 1-7. Reliability will have a significant impact on pleasure value. selection
H 1-8. Diffusion will have a significant effect on pleasure value. selection
H2. Perceived value will have a significant effect on behavioral intention. selection
H 2-1. Utility value will have a significant effect on behavioral intentions. selection
H 2-2. Pleasant values will have a significant effect on behavioral intentions. selection
H3. SNS tourism information will have a significant effect on behavioral Partial
intentions. adoption
H 3-1. Timeliness will have a significant effect on behavioral intentions. Dismissed
H 3-2. Interactivity will have a significant impact on behavioral intentions. selection
H 3-3. Reliability will have a significant effect on behavioral intentions. selection
H 3-4. Diffusion will have a significant impact on behavioral intentions. selection
Table. 3 Multiple Regression Analysis Result
The impact of tourism information on utility value
2 B Denormalization factor Standardization factor .
= B SE 8 :
(a constant) 1.672 338 4,954 | .000%***
Timeliness .035 .078 .034 455 .649
Interactivity 130 .072 145 1.817 .071
Reliability 210 .079 .199 2.640 .009**
Reliability 152 .056 .209 2.702 .008%**
R2=.186, Adj =.168, F=10.084(p=.000* **)
*p<.05 **p01***p< 001
The effect of tourism information on pleasure value
2 B Denormalization factor | Standardization factor .
- B S.E B 2
(a constant) 1.774 .359 4948 | .000***
Timeliness -.017 .082 -.015 -.201 .841
Interactivity .164 .076 .168 2.153 .033*
Reliability 255 .084 223 3.024 .003**
Reliability .189 .060 .239 3.166 .002**

R2=.224, Adj =.206, F=12.671(p=.000***)

*pL.05 **p<.01***pL.001
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The effect of perceived value on behavioral intention

23 Denormalization factor | Standardization factor ;
= B S.E 8 i
(a constant) .598 .205 2911 | .004**
Utility value .355 .071 .335 5.023 | .000***
Pleasant values 464 .065 AT 7.140 | .000***
R2=.551, Adj =.546, F=109.132(p=.000***)
5005 **p 01***p 001
The effect of tourism information on behavioral intention
23 Denormalization factor Standardization factor ¢
= B SE [ L
(a constant) 1.482 335 4.422 | .000***
Timeliness .005 .077 .005 .069 | .945
Interactivity 151 .071 159 2.124 | .035*
Reliability 191 .079 172 2427 | .016*
Reliability 273 .056 353 4.881 | .000***

R2=.285, Adj =.269, F=17.546(p=.000***)

*5{05 **p 01***p.001

Output Units.
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Deep Models

Fig. 2. Wide and Deep Learning Model.
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Fig. 5. Wide and Deep Learning Model Structure for Tourism Recommendation.
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Table 4. Offine and Online metrics of different models.

Model Offline AUC Online Acquisition Gain
Wide(control) 0.727 0%

Deep 0.720 +2.9%
Wide & Deep 0.729 +3.9%

Serving Latency vs. Batch size and Threads

Serving Latency{ms) L

Number of Threads r

o 50 100 150 200

Fig. 6. Serving Latency vs. Batch size and Threads.
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