SPILLOVER EFFECTS OF VIRTUAL
TOURS ON TOURISM IN CHINA
DURING THE PANDEMIC AGE

Author & Presenter: Jiaqi (Tristan) Liu, Ruiqgi (Selena) Ge
Supervisor: Professor Jiding Zhang

New York University Shanghai

06/21/2023



Agenda

e Introduction

« Methodology

. Result - Math Modeling
« Result - Data Analysis
« Discussion

« Conclusion



1. Introduction

Lena Belle — does the popular of her videos make
people more willing to go to Disney?

Yes! | really want to see her with my own eyes!

Maybe no... Video is enough as Lena Belle in reality
has no difference with what | see in videos...

So... Does the spillover effect of Lena Belle
influence the tourist number of Disney?




1. Introduction

Similarly, does the spillover effect of online videos influence people’s desire of going to the destination?
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2. Methodology

Math modeling — Bayes Theorem

=i ﬁ Data analysis — 6 cities, government reports & data collection, R
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3.1 Hypothesis

Affiliation
Level?

Good/Bad
signal?

Price? Prior
willingness? Trust
the influencer or
not?...
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3.1 Hypothesis

H1

SHORT VIDEO

H2

H3

H4

People who have seen travel videos are more likely to make
the decision to travel than those who have not.

[Precise level] The initial level of precision of the influencer’s
prior belief on the destination(y) will positively impact the
viewer’s decision.

[Affiliation level] The amount of positive distortion to the
signal due to influencer’s affiliation level(a) will negatively
impact the viewer’s decision.

[Utility level] The ratio of price/utility of going to the
destination justified by the viewer(k) will negatively impact
the viewer’s decision.




3.2 Tree diagram of math modeling
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3.3 Derivation Process

(a) If the individual hasn’t seen the travel video, he/she will travel to the destination iff p > p/v
,ie.p>k

(b) If the individual has seen the travel video, the probability of wanting to travel to the
destination becomes: P(T | G) and P(T | B)

> A: The probability that an individual hasn’t seen the travel video before P(G | T)*P(T) [y+a(l-y) Ip
> p: The probability that the individual wants to travel to the destination based on his/her P(T|G) = =
prior belief. p€[0,1] % %
+ +a(1- +[1-y)+ay](1-
> T: The event that the individual wants to travel to the destination. On prior belief: P(T)=p P(G | T)*P(T) + P(G | F)*P(F) [y+a( Y) Jp + [1-y)+ayl(l-p)
> F: The event that the individual doesn’t want to travel to the destination. On prior belief:
P(F)=1-p P(B | T)*P(T) (1-y)p
> a: The amount of positive distortion to the signal due to the influencer’s affiliation level. P(T|B) = =
acl0.1] . . o o P(B | T)*P(T) + P(B | F)*P(F) (1Y) p +y(1-p)
> y: The initial level of precision of the influencer’s prior belief on the destination. Assume
that an independent influencer should have a similar prior belief with the individual, i.e. y ; i . e e B s ; . .
505 - |[f the video conveys a positive signal, the individual will travel to the destination iff
P(g | Ta) = y+a(1-y), P(g | F.a) = ay+(1-y) P(T|G) >k, i.e. p>p(a), where
> g: The event that the influencer justifies the destination worth a visit.
> b: The event that the influencer doesn’t justify the destination worth a visit. k(1-y(1-a))
> G: The event that the video conveys a positive signal to the audience p(a) =
> B: The event that the video conveys a negative signal to the audience (1-kK)(y+a(1-y)) + k(1-y(1-a))
Assume that P(G | g) = P(B | b) = 1, which means the audience will precisely receive the
signal that the influencer wants to convey - If the video conveys a negative signal, the individual will travel to the destination
> p: The price of going to the destination . "
> v: The utility of going to the destination justified by the individual iff P(T I B) > k, .e.p> p(b), where
> k: The ratio of p/v
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3.3 Derivation Process

A A - |f the video conveys a positive signal, the individual will travel to the destination iff
‘%” P(T|G) >k, i.e. p>p(a), where
k(1-y(1-a))
p(a) =

(1-k)(y+a(1-y)) + k(1-y(1-a))

- |[f the video conveys a negative signal, the individual will travel to the destination

o 0 iff P(T | B) >k, i.e. p>p(b), where
‘ ‘ ky
p(b) =
(1-k)(1-y) + ky




3.4 Factors Correlation

(1) Fixa=0.6, k=0.5, observe the change iny, y€ (0.5,1]
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3.4 Factors Correlation

(2) Fixk=0.5,y=0.8, observe the change in a, a€[0,1]
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3.4 Factors Correlation
(3) Fixa=0.5,y=0.8, observe the change in k, kE€[0,1]
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4.1 Data
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4.1 Data

Video platform — Bilibili (one of the most popular
video platforms in China)

Run regressions on both datas — do the trend of
data collected match the trend of government
reports?
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4.2 Regression Model

Regression model to analyze the correlation between the number of tourists and the number of
videos uploaded as well as the number of plays quarterly:

NumTourist = f; NumPlays + f, NumUploads + a; + y; + nAfterCOVID + €;;

For a; and y;, we use dummy variable as fixed effects:

a; = I(Beijing) + I(Hangzhou) + ... +I(Sanya)

ve = 1(2018Q1) + 1(20180Q2) + ...+ 1(2022Q4)

Then we ran the model in R.




4.2 Regression Outcome

For nearly all quarters, the &;, Yt, and n are derived with a slightly positive number.

For B1and B2, numbers fluctuated at about 0.
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5.1 Discussion of Math Modeling

1. p(b) dominates p(a): People will always be more likely to make travel decisions after
watching videos conveying positive signal than negative ones regardless of the three factors
1.1.  Theoretical Proof
1.2.  Numerical Proof

2. Factors Good Signal Bad Signal

Precision Level (y) Depend on affiliation level. If ais | Negatively correlated.
high, negatively correlated with
viewer’s decision; If a is low,
positively correlated.

Affiliation Level (a) Negatively correlated \

Utility Level (k) Negatively correlated Negatively correlated
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5.1 Discussion of Math Modeling

Assume that p is uniformly distributed, then:

Don’t go if didn’t watch the
video or watched the video
with negative signal

p | ]
Never go p(a) k

Go only if watched the video
with positive signal

Don’t go only if watched the
video with negative signal

p (b) Always goes

Go if didn’t watch the video
or watched the video with
positive signal

douisie




5.2 Discussion of data analysis

Why the result not so significant?

-Other events need to be considered:
Political reasons, big events ...

-Other online video platforms need to be considered:
Online live videos, and online promotional sales...

-The time gap between people perceive the video and they go to
travel need to be reconsidered:

We set the time gap to be six months, but how to prove that? u YDUTUbe
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6. Conclusion

Theoretically, the ideal result of our hypothesis can be deduced from the mathematical model.
With the impact of short videos conveying different sentiment signals, people will be segmented
into different clusters with different willingness to travel, and most people will tend to have a
higher travel desire in view of affiliation. However, the regression result doesn’t have a clear
result, which probably attributes to some other factors that can influence real-world tourism
numbers, like Olympic Winter Games and others. We are now trying to find a better way to
quantify more variables, and hoping to find more relevances.




Thank you!




