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Abstract

[Purpose/Significance] Compared with scenarios of certain leakage, situations
where personal data is leaked with a certain probability are more prevalent. This
study measures users’ personal privacy value in probabilistic leakage scenarios,
proposes a novel perspective for privacy valuation, and the measurement results
also hold practical significance for tiered privacy protection. [Method/Process|
Based on the multi-level price list method, we measure users’ financial risk re-
turn rates; leveraging users’ financial risk return rates, we modify the implemen-
tation mechanism of the multi-level price list to guide users in making decisions
between schemes with no privacy leakage probability and schemes with privacy
leakage probability, thereby measuring users’ valuation of their personal data
under specific leakage probability scenarios. [Results/Conclusion] In a scenario
with a 30% leakage probability, users’ perceived value of personal data privacy
in their social networks is approximately 89.5 RMB; concurrently, in a scenario
with a 100% leakage probability, the personal data privacy values manifested
through willingness to accept and willingness to pay are 124.1 and 93.8 RMB,
respectively. This demonstrates that users’ cognition of personal data privacy
value in probabilistic leakage scenarios depends on two dimensions: the intrinsic
value of personal data privacy itself and users’ risk tolerance towards leakage
probability.
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Measurement of Personal Data Privacy in the Context of Leakage
Probability
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Abstract: [Purpose/Significance] Compared with scenarios of certain leakage,
situations where personal data is leaked with a certain probability are more
common. This study measures users’ privacy value of personal data in prob-
abilistic leakage contexts, proposing a new perspective for privacy measure-
ment. The results have practical significance for privacy classification and pro-
tection. [Method/Process| Based on the multiple price list method, we measure
users’ financial risk return rate. Using this rate, we modify the implementa-
tion mechanism of the multiple price list to guide users in making decisions
between schemes with and without privacy leakage probability, thereby measur-
ing users’ valuation of their personal data under specific leakage probabilities.
[Result/Conclusion] In a scenario with a 30% leakage probability, users’ valu-
ation of personal data privacy in social networks is approximately 89.5 RMB.
Meanwhile, in a scenario with 100% leakage probability, the personal data pri-
vacy value expressed as willingness to accept and willingness to pay is 124.1
RMB and 93.8 RMB respectively. This indicates that users’ valuation of per-
sonal data privacy under probabilistic leakage depends on both the intrinsic
privacy value and their tolerance for leakage probability risk.

Keywords: personal privacy; leakage probability; privacy value; multiple price
list mechanism Classification Number: G251 DOI: 10.13266/j.issn.0252-
3116.2021.09.007

2. Related Research on Personal Data Privacy Valuation

Existing empirical research on personal data privacy valuation primarily mea-
sures the monetary value of privacy, expressed in two forms: (1) Willingness
to Pay (WTP) - the monetary price users are willing to pay to protect their
personal data privacy from infringement. For example, S. Egelman et al. [17]
used discrete choice analysis to measure that users’ WTP for location data and
call records is approximately 1.5 USD. J. Kim et al. [13] used conjoint analysis
to find that the Korean public is willing to spend about 6.8 USD per month on
personal information protection services. (2) Willingness to Accept (WTA) - the
monetary compensation users are willing to accept for sacrificing their personal
data privacy. For instance, Zang Guoquan et al. [11] measured using a modified
BDM mechanism that users” WTA for personal preference data and contact
data is approximately 38.8 RMB and 136.3 RMB respectively. Huang Yiyun et
al. [9] used the contingent valuation method to survey that users’ WTA for age
data and home address is approximately 6.99 RMB and 66.19 RMB respectively.

According to Table 1 , existing personal data privacy valuation methods can
be divided into two categories: questionnaire surveys and auction experiments.
Questionnaire surveys include conjoint analysis, discrete choice analysis, and
contingent valuation method. Conjoint analysis and discrete choice analysis
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both construct product profiles based on product attributes and levels, using
orthogonal methods to form a certain number of product sets, but their evalua-
tion methods differ. Conjoint analysis uses scoring and ranking methods, while
discrete choice analysis asks users to actually choose which product or service
they prefer. The contingent valuation method uses hypothetical scenarios to
directly ask users about their WTP or WTA for personal data privacy. Auction
experiments include n-level price auction (where n-1 highest bidders win and
pay the nth highest price), Becker-DeGroot-Marschak (BDM) auction (where
the bidder competes with a random function; if the bidder’s price is higher than
the random function’s return price, the bidder wins and pays the random func-
tion’s return price), and random N-level price auction (where bidder i competes
with N-1 other participants, and a bid from N bidders is randomly selected as
the market clearing price; bidders with bids greater than or equal to this price
win and pay that price). Among these, n-level price auction and random N-level
price auction are suitable for auctions of multiple identical items, while BDM
auction is suitable for single-item auctions.

A comprehensive review of the above empirical studies reveals that existing re-
search assumes certain privacy leakage and does not consider situations where
leakage occurs only with a certain probability. In reality, privacy leakage follows
a random process, and privacy decisions depend on both the value of personal
content privacy and the leakage probability. Therefore, this study aims to
measure users’ valuation of their personal data privacy under probabilistic leak-
age conditions, referred to as the Value of Privacy under Leakage Probability
(VPLP).

3. Measurement Model

Risk is defined as the probability of an undesired event occurring [23]. There-
fore, risk comprises two elements: the undesired event and its probability of
occurrence. Personal data privacy leakage is a risk event because data leakage
is an undesired event for data subjects, and leakage itself is a probabilistic event.
In personal data storage systems, personal data may or may not be leaked, de-
pending on security protection measures. The stricter the protection measures,
the lower the leakage probability; conversely, the higher the leakage probability.
This study uses “privacy leakage risk” to explicitly express “the probability of
privacy leakage events occurring.”

This research adopts the Multiple Price List (MPL) mechanism, designing an
easily understandable financial probabilistic risk multiple price list to measure
users’ Return on Financial Risk (RFR). Based on users’ measured RFR, we then
measure their valuation of personal data privacy under probabilistic leakage
conditions.
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3.1 Financial Risk Return Rate

The MPL mechanism is a common method in experimental economics for mea-
suring user risk attitudes, first proposed by H.P. Binswanger [24]. It presents
users with a series of different payoff combinations, each containing a safe op-
tion (with no probability of loss) and a risky option (with a probability of loss).
The safe option’s fixed payoff decreases row by row, while all risky options have
the same expected payoff. By asking users at which level of decreasing safe pay-
off they would abandon the safe option to pursue the potentially higher risky
payoff, we can indirectly infer their risk attitude through their decision-making.

Using the MPL mechanism, we design an RFR multiple price list as shown in
Table 2 . Table 2 contains two options: Option A is the safe option with payoffs
decreasing by a yuan each row. In row i, Option A’s payoff is Y(A ) =x-1i-
a, where i [0, k]. Option B is the risky option (with probability p of losing ¢
yuan), with each row’s expected payoff being E(B ) =y (1-p) + (y-c) - p. When
a user switches from Option A to Option B at row i, this indicates the user is
willing to abandon the safe payoff for the risky payoff. At this point, the user’s
RFR is:

E(B,) —Y(4,)

F =
RER==""Va)

i €10,k

3.2 Leakage Probability Privacy Value Measurement

By modifying Option B in the RFR multiple price list (Table 2) from “with prob-
ability p of losing ¢ yuan” to “with probability p of personal privacy leakage,”
we can simulate a realistic leakage probability scenario, creating the VPLP mul-
tiple price list (Table 3). Privacy value represents the privacy subject’s estimate
of potential losses when privacy objects are violated, including both personal
and property aspects (with the property conversion of personal losses becoming
increasingly common due to economic and social development). This can be
expressed in monetary terms to represent users’ valuation of such privacy.

Therefore, in the VPLP multiple price list, Option B can be monetarily ex-
pressed as “You can receive y yuan, but with probability p of losing vplp yuan.”
Table 3 shows the VPLP multiple price list design.

Based on Table 3’s design, users’ privacy decisions are transformed into decisions
between safe and risky options in a financial context. In fact, Table 2 represents
a direct financial scenario (all financial elements expressed directly in monetary
form), while Table 3 represents an indirect financial scenario (VPLP expressed
indirectly through user value cognition). Both belong to the financial domain.
When Tables 2 and 3 use the same loss probability, users’ financial risk return
rates should be identical in both contexts.

This leads to the VPLP measurement formula:
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VPLP =y— (RFR+1)-(x—i-a), i€][0,k]

where { is the row number where the user switches from Option A to Option B
in Table 3, and RFR is the user’s financial probability risk return rate calculated
based on Table 2.

4. Measurement Experiment
4.1 Personal Data Samples

This experiment obtains personal basic data and personal privacy data samples
through questionnaires. The questionnaire should contain three parts:

4.1.1 Demographic Data: Including user name, gender, age, education level,
and other personal identification and semi-identification data, used for analyzing
leakage probability privacy values based on demographic characteristics.

4.1.2 Personal Privacy Data: The model is suitable for any domain of per-
sonal privacy data, whether macro-level privacy data entries or micro-level pri-
vacy data items. Since the experiment may require users to disclose personal pri-
vacy data, the surveyed personal privacy data must be readily available on-site.
Based on this requirement, this experiment selects users’” WeChat data (includ-
ing screenshots of WeChat account pages, recently posted Moments pages, chat
main interface, etc.) and Weibo data (including screenshots of Weibo account
pages, recently posted Weibo pages, recent Weibo comment interfaces, etc.) as
user personal privacy data samples.

4.1.3 Direct Cognitive Data on Personal Privacy Value: This aims to
obtain users’ direct reported values of their personal privacy value, including
the price users are willing to pay to protect their personal privacy data (WTP)
and the compensation price users are willing to accept when disclosing personal
privacy data (WTA).

4.2 Experimental Steps

4.2.1 Step 1: Measure RFR: First, the experimenter distributes an RFR
multiple price list to users, containing K41 rows, each with safe Option A
and risky Option B. Users must make a choice between the two options in
each row. Second, record the initial row number where the user’s decision
switches from Option A to Option B, and calculate the user’s RFR. Finally, use
a random function to return a row number ¢ between 0 and k, and pay the user
experimental compensation based on their choice in that row. If the user chose
Option A in that row, pay (z - ¢+ a) yuan. If they chose Option B, use a [0,1]
random function to determine Option B’s outcome. If the random function value
is greater than p, pay y yuan; otherwise, pay (y - ¢) yuan. (The experimenter
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informs users in the experimental agreement that, due to cost considerations,
both Step 1 and Step 2 pay actual amounts at a 50:1 ratio.)

In the RFR experiment, using a random function to determine the row number
and paying compensation based on the user’s choice in that row ensures the
sincerity of user decisions. This method originates from the Becker-DeGroot-
Marschak (BDM) auction mechanism [25]. If users’ actual choices differ from
their true preferences, and the random function returns a row number 7 within
their “lying interval,” users must bear the expected payoff difference between
Options A and B. Only when users’ actual choices align with their true prefer-
ences do they avoid additional risk. Therefore, this method can measure users’
true RFR. The same principle applies to Step 2.

4.2.2 Step 2: Measure VPLP: First, the experimenter distributes a VPLP
multiple price list to users, containing K+1 rows, each with safe Option A and
risky Option B. Users must make a choice between the two options in each row.
Second, record the initial row number where the user’s decision switches from
Option A to Option B, and calculate their VPLP using the user’s RFR. Finally,
use a random function to return a row number 7 between 0 and k, and pay the
user experimental compensation based on their choice in that row. If the user
chose Option A in that row, pay (z - 7+ a) yuan. If they chose Option B, use a
[0,1] random function to determine Option B’s outcome. If the random function
value is greater than p, pay y yuan without disclosing the user’s personal privacy
data; otherwise, pay y yuan but disclose their personal privacy data to all users
within the experimental group (this both simulates real privacy leakage scenarios
and controls the scope of privacy leakage to avoid actual privacy breaches).

4.3 Pre-Experiment

Based on the target user quantity for the formal experiment and following sam-
ple size empirical rules [26], we calculate the pre-experiment user quantity. This
pre-experiment only conducts VPLP measurement to determine relevant param-
eters. Once determined, these parameters are used for both RFR and VPLP
formal experiments.

4.3.1 Parameter x Determination: Parameter z should be greater than or
equal to parameter y to ensure all users’ decisions involve a switch from Option
A to Option B, increasing experimental result credibility. Otherwise, risk-averse
users with low personal privacy value might choose Option B in all rows, making
it impossible to measure financial risk return rate and thus unable to measure
leakage probability privacy value. The simplest approach is to set parameter z
equal to parameter .

4.3.2 Parameter y Determination: According to prospect theory [27], when
two options have equal expected payoffs but one involves negative user payoff,
users’ aversion to this risk (negative payoff) reduces their willingness to choose
that option. Therefore, parameter y should be greater than the estimated VPLP
to avoid situations where users’ monetary gains from choosing Option B are in-
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sufficient to compensate for personal privacy disclosure losses, thereby reducing
their willingness to choose Option B. In previous research using BDM auction
mechanisms, users” WTA for online privacy data was measured to be between
38.8-237.9 RMB [11]. Therefore, based on collected personal privacy samples,
this experiment sets the preliminary parameter y at 150 RMB. Pre-experiment
results can verify whether this parameter setting is reasonable. If most users
never choose Option B or only choose it in very few rows in the pre-experiment,
the y value is too low and should be increased. Conversely, it indicates the y
value is reasonable. Based on pre-experiment results, when y = 150, 96.7% of
users chose Option B at some point, with an average of 13 rows where Option
B was selected, confirming that setting y at 150 RMB is reasonable.

4.3.3 Parameters a and k Determination: Parameter a only reflects the de-
creasing rate of Option A’s payoff and does not significantly affect experimental
results. However, a cannot be too large or too small. If a is too large, the payoff
difference between adjacent rows is excessive, potentially preventing accurate
observation of user decision behavior. If a is too small, the multiple price list
has too many rows, potentially affecting user decision experience. Based on the
initial y value, this study sets parameter a at 5. Parameter k determines the
number of rows in the multiple price list. Only when Option A’s expected payoff
in the last row is much smaller than Option B’s can a switch from Option A to
Option B occur. Therefore, based on parameter a, this study sets parameter &
at 19 (total rows = k + 1 = 20 rows), making Option A’s payoff in the last row
55 RMB.

4.3.4 Probability p Determination: Setting probability p should consider
real-world privacy leakage conditions. The ideal approach would be to calcu-
late the actual privacy leakage probability by statistically analyzing total per-
sonal privacy data volume and leaked personal privacy data volume nationwide.
However, after extensive searches, no relevant authoritative statistical data was
found. As a compromise, this study uses pre-experiments to observe user deci-
sion results (which are credible judgments based on users’ own experiences and
perceptions) to determine p value. Four groups of pre-experiments were con-
ducted with leakage probability p set at 20%, 30%, 40%, and 50% respectively
(probabilities that are too high or low may be unrealistic), with other parame-
ters identical across groups. Based on pre-experiment result distributions, when
p = 30%, the distribution of users’ switching row numbers in the VPLP multi-
ple price list approximates a normal distribution, making p = 30% a reasonable
choice.

4.4 Formal Experiment

All formal experiments are conducted through self-developed software imple-
mented using Unity tools and C# language. The same user must complete
both the RFR measurement formal experiment and the VPLP measurement
formal experiment. A software example is shown in Figure 1 [Figure 1: see
original paper].
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The software design prevents abnormal experimental behavior. First, when users
select Option B in all rows of the multiple price list, the system automatically
rejects their experimental submission. Second, when making decisions, users
only need to click Option B in a specific row; the system automatically selects
Option A for all rows above and Option B for all rows below. These settings
save experimental time, improve efficiency, and prevent anomalous data.

5. Sample Statistics and Data Analysis
5.1 Sample Statistics

This experiment was conducted in August 2020. Ten experimenters, includ-
ing the author and master’s students in Information Science from Zhengzhou
University, administered the experiment. The pre-experiment used on-site ex-
periments, while the formal experiment used a combination of online groups and
email. Due to the involvement of risk tolerance and decision-making across two
tables, respondents needed certain knowledge levels. Therefore, this experiment
selected university students and graduate students from Zhengzhou University
as participants. Before participating, users carefully read the experimental pro-
cedures. Users who agreed to participate signed an experimental agreement and
received 5 RMB compensation.

A total of 275 people participated in this experiment. Descriptive statistics of
the user sample are shown in Table 4 , and experimental results are shown in
Table 5 .

(1) Users’ RFR: Users’ RFR is calculated based on the safe fixed payoff of
Option A and the expected payoff of Option B when users’ choices in the RFR
multiple price list begin to switch from safe Option A to risky Option B. Ac-
cording to the RFR calculation formula, if RFR > 0, it indicates that users only
choose risky Option B when its expected payoff exceeds Option A’s fixed payoff,
showing that users are unwilling to accept expected payoff differences where Op-
tion B’s expected payoff is lower than Option A’s fixed payoff—meaning these
users are risk-averse. Similarly, if RFR < 0, users are risk-seeking; if RFR =
0, users are risk-neutral. Therefore, RFR measurement results show that 12%
of users are risk-neutral (RFR = 0), making decisions based solely on expected
payoff. 82.5% of users are risk-averse (RFR > 0), with 3.3% being extremely
risk-averse (RFR = 1.18, consistently choosing Option A from the initial row).
5.5% of users are risk-seeking (RFR < 0), though no user consistently chose
Option B from the initial row. The reason no user consistently chose Option
B from the initial row is that in the initial row, Option B’s maximum payoff
does not exceed Option A’s safe payoff, making it unnecessary for users to bear
Option B’s risk. Consistently choosing Option B from the initial row would be
irrational (the experimental software design prevents this situation).

(2) Users’ VPLP: Experimental results show that users with identical RFR

chinarxiv.org/items/chinaxiv-202304.00611 Machine Translation


https://chinarxiv.org/items/chinaxiv-202304.00611

ChinaRxiv [$X]

may have different VPLP values. Users with lower RFR may exhibit higher
VPLP, and users with higher RFR may exhibit lower VPLP. Similarly, users with
identical WTA or WTP may have different VPLP values. This comprehensively
demonstrates that users’ VPLP depends on both personal privacy value itself
(under certain privacy leakage conditions) and leakage probability factors.

5.2 Correlation Analysis Between VPLP and Demographic Charac-
teristics

Through K-S normality testing, VPLP values follow a normal distribution (K-S
test, p = 0.018). Therefore, independent samples t-test can be used for correla-
tion analysis between VPLP and demographic characteristics.

5.2.1 Gender: Male users’ mean VPLP is 81.1, while female users’ is 97.5.
Using user gender as the grouping variable for independent samples t-test on
VPLP values, results show that female users’ VPLP is significantly higher than
males’ (independent samples t-test, p < 0.001). Research in user risk attitude
shows that females’ risk aversion is significantly higher than males’ [28]. In
privacy measurement, existing studies show that females’ valuation of their per-
sonal privacy is significantly higher than males’ [7, 19]. Since VPLP represents
users’ comprehensive cognition of both leakage probability and personal privacy
value, it is reasonable that female users’ VPLP values are higher than males’.

Age: Since the overall sample’s age span is not large, age intervals cannot
be used for grouping. This study only selects some representative users (with
certain age gaps) for testing. For example, 27-28-year-old students’ VPLP is
significantly higher than 18-19-year-old students (independent samples t-test, p
= 0.014). Existing research shows that users’ risk aversion gradually increases
with age [28]. Future research should expand sample size to analyze the impact
of user age on VPLP.

5.2.2 Education Level: The mean VPLP for undergraduate, master’s, and
doctoral students is 83.3, 91.6, and 96.8 respectively. Using education level as
the grouping variable for pairwise independent samples t-tests, results are shown
in Table 6 .

According to Table 6, doctoral students’” VPLP is higher than master’s students,
and master’s students’ VPLP is higher than undergraduates, but the differences
are not significant except that doctoral students’ VPLP is significantly higher
than undergraduates. This may be related to the user sample selected, as all
participants were university students with limited age spans between education
levels and age overlaps (e.g., some master’s students being younger than un-
dergraduates, some doctoral students being younger than master’s students).
Existing research shows that education level significantly affects users’ valua-
tion of their personal privacy [9, 20]. Future research should expand sample size
to analyze the impact of education level on VPLP.
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5.3 Correlation Analysis Between VPLP and Questionnaire Data

Correlation analysis between VPLP, WTP, and WTA: The mean values
of VPLP, WTP, and WTA are 89.5, 93.8, and 124.1 respectively. Using paired
samples t-test, VPLP is correlated with WTP and WTA respectively. Test
results show that WTA is significantly higher than WTP (paired samples t-test,
p < 0.001), and WTP is significantly higher than VPLP (paired samples t-test,
p = 0.022).

These results indicate that both WTA and WTP are significantly higher than
VPLP because WTA and WTP represent personal privacy value cognition un-
der 100% leakage probability, while VPLP represents personal privacy value
cognition under 30% leakage probability. With other conditions unchanged,
when privacy leakage probability decreases from 100% to 30%, users’ valuation
of their personal privacy also decreases. Therefore, in personal data storage
systems, strict privacy protection measures should be implemented to reduce
privacy leakage probability and alleviate users’ privacy concerns. Additionally,
the significant difference between WTA and WTP demonstrates the widespread
existence of the “privacy paradox” phenomenon—users are concerned about per-
sonal privacy but are unwilling to make greater efforts to protect it.

This study measures subjects’ average VPLP at approximately 89.5 RMB, with
undergraduate, master’s, and doctoral students averaging approximately 83.3
RMB, 91.6 RMB, and 96.8 RMB respectively. Compared with certain leakage
scenarios, users’ valuation of personal data privacy is significantly lower under
probabilistic leakage scenarios. In the VPLP experiment, 2.5% of users consis-
tently refused to choose Option B, possibly due to extremely high risk aversion
to privacy leakage probability, excessively high personal privacy value cognition,
or a combination of both.

The leakage probability privacy value measurement model designed in this study
has certain universality for measuring different types of personal privacy values.
Different enterprises and institutions can select different types of personal pri-
vacy data for measurement based on their usage purposes. For example, online
marketing companies may focus more on user behavior data for analyzing shop-
ping preferences, while courts may focus more on personal financial data that
tends to generate disputes. Note that different types of personal privacy data
have different values, and different types of personal privacy data also have dif-
ferent leakage probabilities. When using this method, experimental parameters
should be set reasonably based on personal privacy data type.

Advantages of this study: (1) Implicitness: The experiment indirectly in-
fers leakage probability privacy values from user behaviors rather than direct
user reports. Research shows that stated preferences often differ from observed
behaviors (e.g., the “privacy paradox”) [29]. Inferring preferences from observed
user choices, even in relatively artificial laboratory settings, is closer to users’
true cognition than direct reports in hypothetical scenarios. Moreover, direct
privacy value measurement (such as WTA, WTP) forces users to consciously se-
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lect answers, which is unreliable because users may struggle to accurately assess
privacy-related risks and losses. Studies [30-32] show that indirect methods out-
perform direct surveys for privacy value measurement. (2) Simultaneous con-
sideration of personal privacy content value and leakage probability:
The significant difference between this study’s leakage probability privacy value
measurement model and existing research is that the former presents probabilis-
tic privacy leakage risk, while the latter shows certain privacy leakage threats.
Since privacy leakage follows a random process, both personal content privacy
value and leakage probability are crucial for privacy decisions. In reality, people
must decide how much to invest in protecting their information from uncertain
random threats. Privacy preferences elicited under certain threat scenarios may
not fully align with behaviors under random threat scenarios because the latter
involves people’s risk aversion levels. Therefore, compared with certain privacy
leakage, the random risk nature of privacy disclosure is more realistic, objective,
and research-valuable.

Limitations: (1) Privacy leakage probability value: Due to the lack of
authoritative statistical data on privacy leakage, this study sets the privacy leak-
age probability at 30% based on pre-experiment result distributions, which may
involve experimental error. (2) User sample: For convenience, this study se-
lected only university students from Zhengzhou University, lacking geographical
breadth and demographic diversity. Future research should expand geographical
coverage to avoid macro factors like regional economy and culture, and expand
social coverage to analyze the impact of demographic characteristics (especially
education level, age, occupation, etc.) on VPLP.
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Abstract: [Purpose/significance] Compared with the situation in which the
probability of personal data leakage is 100 percent, the situation in which per-
sonal data is leaked with a certain probability is more common. Thus, this
paper aims to measure users’ personal data privacy value under the certain
probability of privacy leakage, which puts forward a new perspective of privacy
measurement and the measurement results are of practical significance to pri-
vacy classification protection. [Method/process] Based on the multiple price
list, the user’s return on financial risk is measured. Modified the implemen-
tation mechanism of multiple price list to elicit users’ decisions between the
risk-free scheme and the scheme with the probability of privacy leakage. Based
on the above steps, value of privacy under leakage probability of users can be
measured. [Result/conclusion] When the probability of privacy leakage is 30%,
users’ average VPLP in the social networks is about RMB 89.5; at the same
time, when the probability of privacy leakage is 100%, users’ average “willing
to accept” and “willing to pay” of personal data in the social networks is about
RMB 124.1 and RMB 93.8. Users’ VPLP depends on the value of personal
privacy itself and probability of privacy leakage.

Keywords: personal privacy; leakage probability; privacy value; multiple price
list mechanism

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv — Machine translation. Verify with original.
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