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Abstract—With the development of Internet of Things (IoT) 

and big data technology, the data value is increasingly explored in 
multiple practical scenarios, including electricity transactions. 
However, the isolation of IoT data among several entities makes it 
difficult to achieve optimal allocation of data resources and con-
vert data resources into real economic value, thus it is necessary to 
introduce the IoT data sharing mode to drive data circulation. To 
enhance the accuracy and fairness of IoT data sharing, the het-
erogeneity of participants is sufficiently considered, and data 
valuation and profit allocation in IoT data sharing are improved 
based on the background of electricity retail. Data valuation is 
supposed to be relevant to attributes of IoT data buyers, thus risk 
preferences of electricity retailers are applied as characteristic 
attributes and data premium rates are proposed to modify data 
value rates. Profit allocation should measure the marginal con-
tribution shares of electricity retailers and data brokers fairly, 
thus asymmetric Nash bargaining model is used to guarantee that 
they could receive reasonable profits based on their specific con-
tribution to the coalition of IoT data sharing. Considering the 
heterogeneity of participants comprehensively, the proposed IoT 
data sharing fits for a large coalition of IoT data sharing with 
multiple electricity retailers and data brokers. Finally, to demon-
strate the applications of IoT data sharing in smart grids, case 
studies are utilized to validate the results of data value for elec-
tricity retailers with different risk preferences and the efficiency 
of profit allocation using asymmetric Nash bargaining model. 
 

Index Terms—Data sharing; Internet of things (IoT); risk 
preference; asymmetric Nash bargaining; electricity retail. 
 

NOMENCLATURE 

Indices 
, ,i j k  Index of data brokers 
,q u  Index of electricity retailers 
,l m  Index of kernel functions 

t  Index of time periods 
 

Parameters 

minX  Minimum value of real-time (RT) load demand 
(kWh) 

maxX  Maximum value of RT load demand (kWh) 
  Standard deviation of RT load demand 

 

Variables 

t  Day-ahead (DA) market price in time period t 
($/kWh) 

tp  Flat retail market price in time period t ($/kWh) 

t
  Positive imbalance RT balancing market price in 

time period t ($/kWh) 

t
  Negative imbalance RT balancing market price in 

time period t ($/kWh) 

t  Total profits of the electricity retailer in electricity 
transactions in time period t ($) 

tX  DA electricity bid of the electricity retailer in time 
period t (kWh) 

tX  RT electricity random variable of load demand of 
the electricity retailer in time period t (kWh) 

tx  RT electricity load demand of the electricity retailer 
in time period t (kWh) 

, ,a p
t
    Optimal quantile of risk-neutral, averse, prone 

electricity retailer in time period t (kWh) 
, ,a p

tX   
 

Optimal DA electricity bid of risk-neutral, averse, 
prone electricity retailer in time period t (kWh) 

,a p  Degree of risk aversion, degree of risk proneness 
,a p  Conservative quantile, aggressiveness quantile 

,qV  Data value rate in electricity transactions for the qth 
electricity retailer ($/kWh) 

,
,

a p
qP  Risk-averse, prone data premium rate in electricity 

transactions for the qth electricity retailer ($/kWh) 

,qR  Marginal revenue from electricity transactions for 
the qth electricity retailer ($/kWh) 

i  Privacy sensitivity of end users related to the ith 
data broker ($/kWh) 

qS  Total surplus of the qth electricity retailer and its 
data brokers ($) 

,e q  Standard deviation of RT load demand for the qth 
electricity retailer (kWh) 

i  Standard deviation that the ith data broker can re-
duce (kWh) 

,i q  Standard deviation that the ith data broker reduce 
for the qth electricity retailer (kWh) 

ie  Cost-effectiveness index of the ith data broker 
(($/kWh)-0.5) 

,si qe  Cost-effectiveness criterion of the ith data broker 
for the qth electricity retailer (($/kWh)-0.5) 

,er db
q i   Marginal profit shares of the qth electricity retailer 

and the ith data broker 
,er db

q iD D
 

Total revenues received of the qth electricity retailer 
and the ith data broker ($) 
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CU  Utility of the coalition from data sharing 

,,q q iS S 

 
Maximum total surplus of the qth electricity retailer 
and without the ith data broker ($) 

 
Functions 

( )
tX tf x

 
Probability density function (PDF) of RT load de-
mand 

( )
tX tF x

 
Cumulative distribution function (CDF) of RT load 
demand 

I. INTRODUCTION 

S Internet of Things (IoT) and big data technology ad-
vances, IoT data generated from numerous IoT devices 

have become one of the critical assets for market entities. Given 
that data may have profound value, data are considered among 
the five most important production factors in parallel with land, 
labor, capital, and technology [1]. As newly emerged produc-
tion factors, data play an important role in several technology- 
and energy-intensive industries [2], to reduce energy con-
sumption and enhance benefits. However, IoT data are gener-
ally stuck in the “data islands” of their producers and do not 
have mobility among market entities as expected, especially in 
power systems. Predictably, the lack of mobility makes it dif-
ficult to determine and realize the economic value of IoT data. 
For instance, the uncertainty of wind power [3] will bring in-
cremental costs for dispatch to power systems and economic 
losses to renewable energy market participants, while improv-
ing forecasting accuracy would be an effective method. Wind 
turbine data [4], reference wind mast data, and numerical 
weather predictions [5] can improve wind energy forecasting. 
However, the entities who need IoT data and the entities who 
produce or possess IoT data are usually not the same. Wind 
power plant operators who need more accurate wind energy 
forecasting hope to obtain wind turbine data from wind turbine 
manufacturers, reference wind mast data, and numerical 
weather predictions from the government meteorological de-
partment. If wind turbine manufacturers or the government 
meteorological department are unwilling to provide relevant 
data to wind power plant operators, wind power plant operators 
cannot obtain extra benefits. Hence, in a sense, the mobility of 
IoT data is more important than the value of IoT data. 

To increase the mobility of IoT data and construct a 
framework for IoT data interchange, the works of current lit-
erature can generally be divided into two major aspects: data 
privacy protection and data sharing [6]. On the one hand, data 
privacy needs to be well protected, which allows market enti-
ties not to worry about inappropriate privacy exposure; on the 
other hand, data sharing needs to be reasonable and fair so that 
the monetary incentives that market entities receive can make 
them willing to actively participate in data sharing. Data pri-
vacy protection is the more practiced and studied of these two 
major aspects. The omission of data privacy protection poses a 
serious threat to the application of data sharing, and multiple 
countries worldwide have paid attention to data privacy pro-
tection in their policies [7], [8]. Comparatively, there are few 
studies on data sharing design, and their theoretical framework 
is not sufficiently systematic, especially in the field of power 

systems. Data sharing should be composed of two stages: the 
first stage is to identify and predict the total revenues and costs 
related to data sharing; the second stage is to take the difference 
in revenues and costs as the surplus and to allocate it to market 
entities that contribute to data sharing. 

The first stage can be defined as “data valuation”. Xu et al. [9] 
focused on the mobile health applications, used the differential 
entropy of model parameters’ distributions to measure the 
data’s contribution on the enhancement of prediction accuracy, 
and proposed an online data valuation metric under the 
Bayesian perspective. Yu et al. [10] proposed a data valuation 
paradigm based on Shannon entropy [11] and the non-noise 
ratio, constructed the functional relationships between predic-
tion accuracy and the two parameters, and validated the para-
digm using the conventional unit commitment (UC) model and 
real photovoltaic forecasting data. Wang et al. [12] proposed a 
data valuation paradigm based on the two-settlement mecha-
nism in electricity transactions and derived formulas of data 
value rates which indicate the profit enhancement that corre-
sponds to unit uncertainty reduction brought by data. Existing 
studies emphasized on the data valuation based on the inherent 
attributes of data themselves. However, unlike ordinary com-
modities, data are usually with the value that is affected by the 
application entities and scenarios of data. 

The second stage can be defined as “profit allocation”. Re-
ferring to the data marketplace with a robust real-time matching 
mechanism in [13], Gonçalves et al. [14] used Myerson’s 
payment function [15] and Shapley fairness, extended the 
model for a sliding window environment, and no longer dis-
tinguished between data buyers and sellers. Han et al. [16] 
demonstrated that users’ schedulable load data can improve the 
load forecasting of the energy retailer’s profits and used the 
Shapley value and the nucleolus in the model of the cooperative 
game between the energy retailer and users. Wang et al. [17] 
proposed a novel profit allocation mechanism to distribute the 
total consumer surplus obtained by the electricity retailer and 
data suppliers in data sharing, where the closed-form formulas 
lead to shorter computation time and higher profitability for the 
electricity retailer than Shapley value method. Existing studies 
always separate the profit settlement of the data buyer-side and 
profit allocation of the data seller-side. However, as the data 
sharing involves data buyers and sellers, their heterogeneous 
contributions should be simultaneously considered. 

Focusing on the flaws mentioned above, some critical con-
tributions are proposed in this paper based on our previous 
work [12], [17]. Electricity transactions of electricity retailers 
are still applied as a typical scenario for our analysis, where 
electricity retailers and data brokers serve as buyers and sellers 
of data services in a coalition of IoT data sharing to share the 
profits generated from IoT data of end users. Moreover, oper-
ational processes of IoT data sharing are roughly similar to that 
in [17], necessary means to protect the security of IoT data and 
power systems and ex-post supervisions of results of data val-
uation and profit allocation may also be needed. For data se-
curity, distributed ledger technologies (DLTs) and blockchains 
[18] can be used to record the details of IoT data sharing history 
and guarantee the transparency for IoT data, and digital wa-
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termarking [19] on IoT data may protect end users’ copyright 
and deter data brokers from data privacy disclosure. Besides, a 
third-party regulatory platform conduct security checks of 
power systems after IoT data sharing and electricity market 
clearing for security of IoT data and power systems, and it can 
also regularly check the results and impose corresponding 
penalties on behavior and market participants that violate reg-
ulations for ex-post supervisions. To fill the gap in data valua-
tion, risk preference, which is usually discussed in deci-
sion-making problems, is selected as the characteristic attribute 
of data buyers [20], [21] to depict their differences. The risk 
preference can be obtained from the bidding decision processes 
of market participants through inverse reinforcement learning 
(IRL) [22], [23]. To the best of our knowledge, few studies 
have discussed the differences of data value for different data 
buyers. Besides, to address the challenge that profit allocation 
merely for data sellers are not suitable enough for IoT data 
sharing, the basis for profit allocation should be reasonably 
determined according to the heterogeneous contributions of 
data buyers and sellers to the coalition, where data buyers cre-
ate the demand of IoT data sharing and provide revenue sources, 
while data sellers meet the demand and bring incremental 
economic value. 

The main contributions of this paper are as follows: 
a) A data valuation model simultaneously incorporating 

different uncertainty-reducing effects of data and dif-
ferent characteristic attributes of electricity retailers is 
constructed, where risk preferences as characteristic 
attributes will affect the decision-making of electricity 
retailers and bring the data premium beyond data value. 

b) A profit allocation method using asymmetric Nash 
bargaining model is employed to consider heteroge-
neous contributions of electricity retailers and data 
brokers in the coalition of IoT data sharing, and elec-
tricity retailers and data brokers will receive their prof-
its according to pre-defined marginal profit shares. 

The remainder of this paper is organized as follows. Based 
on our previous work, electricity transactions as background 
are briefly introduced in Section II, where optimization models 
for electricity retailers with different risk preferences are solved 
and data valuation is improved. According to the solution of 
consumer surplus maximization, an asymmetric Nash bar-
gaining model for profit allocation between electricity retailers 
and data brokers is described in Section III. In Section IV, case 
studies are used to illustrate results of data valuation and profit 
allocation. Finally, Section V concludes this paper and briefly 
introduces three potential research directions for future work. 

II. DATA VALUATION WITH RISK PREFERENCES OF 

ELECTRICITY RETAILERS 

A. Background 

Electricity retailers are the main market entities on the con-
sumption side of power systems and serve as agents for many 
medium- and small-sized end users to purchase electricity 
through electricity transactions. Although electricity retailers 
bear important responsibilities in electricity consumption, they 

also directly face risks from electricity wholesale markets and 
end users. On the one hand, there are numerous electricity 
retailers, and each of them has too little market power to have a 
significant impact on market clearing prices; thus, they have to 
bear the fluctuation risks of electricity market prices. On the 
other hand, it seems that the rights for end users to choose 
electricity retailers are substantially greater than the rights for 
electricity retailers to choose end users [24], [25]. As service 
providers, electricity retailers need to improve their service 
quality as much as possible to obtain the recognition of end 
users rather than requiring end users to achieve specific elec-
tricity consumption goals. Hence, electricity retailers must bear 
the uncertainty of end users’ load demand. 

Comparing the risks from electricity wholesale markets and 
end users, the uncertainty of end users’ load demand is a greater 
threat to electricity retailers’ profits because electricity 
wholesale markets have more explicit operating patterns and 
their prices can be accurately forecasted [26], [27]. To reduce 
the uncertainty in electric load forecasting, electricity retailers 
are willing to obtain some end users’ IoT data (e.g. smart meter 
data) to derive useful information. Recent studies on load 
forecasting emphasize the significance of data and further im-
prove their accuracy by better dealing with uncertainty [28], 
[29], which proves the feasibility of the scenario in this paper. 
Note that IoT data usually have low value density; that is, large 
amounts of IoT data may yield trivial value; thus, it is some-
what uneconomical for electricity retailers to collect IoT data 
themselves. Fortunately, data brokers have become important 
market entities that link the data sources and the data demand of 
electricity retailers [30]. Data brokers reap revenues from the 
processes of collecting raw IoT data from end users, processing 
them, providing data products or services, and assisting elec-
tricity retailers in increasing their profits. 

Given certain characteristics of electricity retail and that data 
have replicability and non-excludability, the data transactions 
between electricity retailers and data brokers differ from 
common transactions of commodities in terms of the following: 

a) data transactions between electricity retailers and data 
brokers are probably not one-time but continuous be-
cause end users’ IoT data are time-varying;  

b) the transaction relationships between one electricity 
retailer and one data broker are highly flexible because 
end users can choose different electricity retailers in 
different time intervals according to electricity retailers’ 
pricing schemes and other influencing factors to con-
sume electricity at a more favorable price; 

c) the transaction relationships between a group of elec-
tricity retailers and a group of data brokers are rela-
tively fixed because electricity retailers are limited by 
geographical regions and data brokers would also ex-
pect that it is expensive to replace data sources. 

Considering the characteristics listed above, an IoT data 
sharing coalition better depicts the relationship between elec-
tricity retailers and data brokers. The structure of the IoT data 
sharing coalition is shown in Fig. 1. In the coalition, data bro-
kers collect optimal amounts of IoT data from end users and 
pay corresponding data costs, while electricity retailers bid 
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optimal loads to electricity market operators and receive data 
revenues. The IoT data collected by data brokers translate into 
better decisions being made by electricity retailers through the 
improvement of load forecasting, and the profits will finally 
flow to those electricity retailers and data brokers who con-
tribute to data sharing. 

B. Optimization Models Based on Electricity Transactions 

To achieve data valuation, it is necessary to model electricity 
transactions and determine the revenue sources. When partic-
ipating in electricity wholesale markets, electricity retailers 
should bid in the two-settlement market system and will suffer 
considerable imbalance costs caused by inaccurate load fore-
casting. Under the two-settlement electricity market, the profits 
of the electricity retailer in time interval t can be found in [12]. 
Classifying the terms with tX  and the terms with tx  to high-
light the possible electricity imbalance and facilitate the sub-
sequent derivation, the profits of the electricity retailer in time 
interval t can be expressed as 
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According to the analysis in Section Ⅱ-A, electricity retailers 
will be regarded as price takers; thus, they can only enhance 
their profits by making their day-ahead electricity bid as close 
to the real-time electricity demand as possible instead of af-
fecting electricity prices. In addition, the power flow con-
straints in power systems will not be included because the 
nonlinear optimal power flow model will obstruct data value 
discovery and distort the results of data valuation. To ensure the 
credibility of the data value derived, it can be assumed that 
power flows have not changed significantly in the deci-
sion-making of electricity retailers. Without regard to the 
power flow constraints, the optimization model for electricity 
retailers will be a single-objective model with an upper and 
lower bound constraint for their day-ahead electricity bid.  

The optimization model for risk-neutral electricity retailers is 
expressed as [12] 
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The first-order derivative of the objective function in Eq. (2) 
is 
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Using the first-order optimality condition, the optimal 
quantile and the optimal day-ahead electricity bid can be ob-
tained when the first-order derivative equals zero, where the 
numerical order of three market prices conforms to the sup-
ply-demand relationships of electricity markets in which the 
electricity retailer should sell excess electricity at lower prices 
or buy deficit electricity at higher prices in the real-time bal-
ancing market, namely, t t t     . 

Since risk preferences are included in the discussion of the 
decision-making of electricity retailers, their optimization ob-
jectives will be differentiated. The objective function of 
risk-neutral electricity retailers is the expected profit, while the 
objective functions of risk-averse and risk-prone electricity 
retailers need to include risk adjustment terms in addition to the 
expected profit. Conditional value-at-risk (CVaR) is a com-
monly used consistent measure of risk [31], which originated in 
the field of investment and has also been extensively used in the 
field of electricity transactions [32]. In this paper, the risk 
preferences of electricity retailers are revealed by the CVaR 
terms in their objective functions. Note that CVaR is the mean 
excess loss or mean shortfall to measure left-side tail risks; thus, 
theoretically, it is only suitable for risk-averse electricity re-
tailers who are more concerned about the lowest possible 
profits. Considering that the imbalance costs come from two 

 
Fig. 1.  The coalition of data sharing comprises of electricity retailers who participate in electricity transactions and receive data revenues and data brokers who 
collect data and pay data costs to end users. 
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sides of the electricity imbalance, CVaR is otherwise modified 
to measure the right-side tail risks to satisfy the requirement of 
risk-prone electricity retailers. Therefore, objective functions 
for risk-averse and risk-prone electricity retailers can be con-
structed as follows, and the constraints are also Eq. (3). To 
better compare optimization models for electricity retailers 
with different risk preferences, a graphical illustration of three 
optimization models under the assumption that the load fore-
casts are distributed uniformly is shown in Fig. 2. 
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The first-order derivatives of the objective functions in Eqs. 
(5) and (6) can also be obtained. Taking the objective function 
of risk-averse electricity retailers as an example, the first-order 

derivative of the objective function com-prises the first-order 
derivative of the expected profit, which is the same as Eq. (4), 
and the first-order derivative of the CVaR term multiplied by its 
coefficient ηa as follows: 

 
   d , , d , , dCVaR
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It is noted that the CVaR term in Eq. (7) is merely related to 
the part of the load demand distribution that is lower than the 
εa-quantile, while the quantile of the day-ahead electricity bid 
cannot be predetermined; thus, whether the quantile of the 
day-ahead electricity bid is larger than εa is uncertain without 
the solution of the optimization model. The first-order deriva-
tive of the CVaR term needs a detailed discussion since the 
profit curve in Eq. (1) is a piecewise function whose piecewise 
point is the quantile of the day-ahead electricity bid as follows: 
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Combining Eq. (4) and Eq. (8), the derivative of the objec-
tive functions in Eq. (5) can be obtained. Following the similar 
process, the first-order derivatives of the CVaR term and the 
objective function in Eq. (6) can be derived as 
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As mentioned earlier, t
  is limited in the interval (0,1) be-

cause of the supply-demand relationship in electricity markets. 

 
Fig. 2.  Comparison of optimization models for risk-neutral, risk-averse, and risk-prone electricity retailers. 
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However, for risk-averse electricity retailers, their optimal 
quantile for electricity bid will be an offset compared to that of 
risk-neutral electricity retailers due to their risk preferences. 
Moreover, a

t
  must be located in the interval (0,1) to make the 

formulas of the optimal quantile and optimal day-ahead elec-
tricity bid meaningful; otherwise, the optimal day-ahead elec-
tricity bid will be stuck on the upper or lower bound of the 
constraint. Hence, the optimal quantile of risk-averse electricity 
retailers can be expressed as a piecewise function: 
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Similarly, the optimal quantile of risk-prone electricity re-
tailers can also be expressed as a piecewise function: 
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The relationships between optimal quantiles for risk-averse 
and risk-prone electricity retailers with respect to the optimal 
quantile for risk-neutral electricity retailers are depicted in Fig. 
3, where it can be found that risk preferences significantly 
affect the decision-making of electricity retailers. The optimal 
quantiles of risk-averse electricity retailers are consistently 
lower than those of risk-neutral electricity retailers, which 
indicates that their decision-making is more conservative; the 
optimal quantiles of risk-prone electricity retailers are con-
sistently higher than those of risk-neutral electricity retailers, 
which indicates that their decision-making is more aggressive. 
Note that the risk preference of one electricity retailer could be 
quite different in different time intervals and different percep-
tions of electricity markets; thus, the parameters should be 
adjusted as required to more accurately depict the risk prefer-
ences of electricity retailers in their decision-making for the 
next time interval. Finally, the optimal day-ahead electricity 

bids for electricity retailers can be naturally obtained through 
the inverse function of the cumulative distribution function 
(CDF) of load demand. 

C. Data Valuation with Risk Preferences 

Based on the solutions of optimization models, the optimal 
expected profits of electricity retailers will be derived. Refer-
ring to [12], the optimal expected profits of risk-neutral elec-
tricity retailers can be expressed in an affine-form formula as 
follows: 

   .t t t tp X V        (12) 

where the coefficient of σ is defined as the data value rate and 
proved to be constant given the market price data in [12]. 

For risk-averse and risk-prone electricity retailers, the opti-
mal expected profits are obtained by substituting their optimal 
day-ahead electricity bids into the formula for the expected 
profits instead of their objective functions with CVaR terms: 
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t t t tp X V P          (13) 

     .p p
t t t tp X V P          (14) 

It is shown that their coefficients of σ can be regarded as the 
sum of the data value rate and another term. The additional 
terms for risk-averse and risk-prone electricity retailers are 
interpreted as risk-averse and risk-prone data premium rates in 
this paper, whose formulas are symmetric and as follows: 
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Fig. 3. Relationships of optimal quantiles for risk-averse and risk-prone 
electricity retailers with respect to the optimal quantile for risk-neutral 
electricity retailers. 
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Fig. 4. Graphical illustration of data value rate, risk-averse data premium rate, 
and risk-prone data premium rate. 
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The data premiums indicate that data with the same effect on 
uncertainty reduction are more valuable for electricity retailers 
with specific risk preferences than for risk-neutral electricity 
retailers. In addition, the result that the risk-averse data premium 
rate and risk-prone data premium rate are both positive is 
somewhat counterintuitive. It can be understood that risk-averse 
and risk-prone electricity retailers both hope to benefit from 
their specific handling of risks, but better handling of risks re-
quires more data to more accurately predict the risk level. 
Therefore, regardless of risk preferences, data premium rates for 
electricity retailers will always be positive. 

To more clearly display the relationships among the data 
value rate, risk-averse data premium rate, and risk-prone data 
premium rate, their graphical illustrations are shown in Fig. 4 
under the assumption that the load forecast is distributed nor-
mally. Besides, the complete calculation processes of data val-
uation can be summarized. 

III. PROFIT ALLOCATION USING ASYMMETRIC NASH 

BARGAINING 

A. Data Profits 

The marginal data cost for each data broker is considered to 
increase exponentially in the reduction in uncertainty Δσi, which 
indicates that to reduce unit uncertainty, the payment for col-
lecting data will increase exponentially as the uncertainty level 
approaches zero. The payment for collecting data is proportional 
to the amount of data collected, and the exponential relationship 
can be interpreted as follows: the information contained in a 
large amount of data has many duplicates; thus, exponentially 
more data are needed to mine incremental information to further 
reduce uncertainty. The two main parameters for the data broker 
are σi and βi. σi is the maximum reduction in uncertainty that the 
data broker can achieve, but it should be noted that the uncer-
tainty can never be completely eliminated because, on the one 
hand, there are always some private data of end users that cannot 
be obtained, and on the other hand, load forecasts can never be 
absolutely accurate. βi is the privacy sensitivity of end users that 
the data broker connects with and will affect the steepness of the 
exponential curve because when the privacy sensitivity of end 
users is higher, the same data are more difficult for the data 
broker to collect; thus, the exponential curve will be steeper, and 
the breakeven point for electricity retailers and data brokers will 
come sooner in the process of data collection. 

In addition, the formula for the marginal data revenue can be 
obtained based on the data valuation in Section Ⅱ-C: 
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For the coalition, the marginal data revenue is a constant 
determined by market prices and the risk preferences of elec-
tricity retailers regardless of uncertainty, while the marginal 
data cost is a variable related to the degree of uncertainty re-
duction. Given the formulas for the marginal data revenue and 
the marginal data cost, data profits within the data sharing 
coalition can be analyzed. From the perspective of market 
analysis, the total surplus of the coalition is the product of the 
“volume” and the “unit price”, where the “volume” is the de-
gree of uncertainty reduction in mathematical expressions, and 
the “unit price” is the difference between the marginal data 
revenue and marginal data cost. If the coalition as the data 
demander and end users as the data suppliers are in a perfectly 
competitive data market, the market equilibrium will lead to the 
marginal data revenue being equal to the marginal data cost; 
thus, the surplus for the coalition will be zero since the marginal 
data revenue is a constant. Even if it is not a perfectly compet-
itive data market but a data market where end users have a 
certain market power, the surplus of the coalition will be greatly 
depressed. Therefore, it is assumed that end users are passive 
participants who fit the description of the formula for the mar-
ginal data cost. The rationality of this assumption is that not all 
end users care about the market value of their private data and 
using the private data of some end users can reduce a large part 
of uncertainty; thus, the fact that the supply of privacy data is 

Calculation process 1: Data valuation with risk preferences 
(for electricity retailers) 
1. Inputs: Given the day-ahead end users’ electricity load 

forecast tX  and day-ahead electricity market price t , 
electricity retailers set their own retail price tp . 

2. Assumptions: 
a) The positive and negative penalty rates t

  and t
  

for electricity imbalance are proportional to the 
day-ahead electricity market price t ; 

b) Electricity retailers can predict the penalty rates rel-
ative accurately compared with their forecast for re-
al-time electricity load demand. 

3. Choose parametric estimation or nonparametric estima-
tion to depict the forecast errors of real-time electricity 
load demand. 

4. Optimize the estimated parameters (e.g. μ, σ) of the dis-
tribution of real-time electricity load demand in through 
minimizing the estimation error. 

5. Obtain the estimated distribution based on the estimated 
parameters. 

6. Calculate the data value rates according to the derived 
formulas correspond to different estimated distributions. 

7. Calculate the data premium rates according to the derived 
formulas with respect to the risk preferences of electricity 
retailers. 

8. Outputs: Data value rate ,qV , risk-averse data pre-
mium rate ,

a
qP  or risk-prone data premium rate ,

q
qP . 
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far less than their demand makes it difficult for a single end user 
to obtain excess returns by selling his or her private data. Under 
this assumption, the electricity retailers in the coalition will 
make the data collection decision by maximizing the total sur-
plus of their data brokers and themselves, and the optimization 
model for the qth electricity retailer is expressed as 
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 ,. . 0 , .i q is t i       (19) 

According to the analysis above, the key to maximizing the 
total surplus is to select the most appropriate level of uncertainty 
reduction given that the marginal data revenue is fixed. Hence, 
the cost-effectiveness of data brokers is important because data 
brokers who are highly cost-effective will be included in the 
coalition, where high cost-effectiveness implies that data bro-
kers can achieve a relatively high level of uncertainty reduction 
under a low privacy sensitivity of end users. To better express 
the solution of the optimization model, the measure of data 
brokers’ cost-effectiveness is defined as follows [17]: 

 , .i
i

i

e i



   (20) 

Following the arrangement in [17], the cost-effectiveness 
index ei of data brokers is in a non-ascending order with respect 
to their serial numbers, which does not affect the generality of 
the optimal solution: 
 , , , .i je e i j i j     (21) 

To solve the optimization model, two key propositions are 
proposed and proven as follows: 

Proposition 1: If the kth data broker is an active data broker, 
i.e., Δσi,q > 0 in the optimal solution, any ith data broker with a 
smaller serial number (i < k) will be an active data broker; if it is 
an inactive data broker, i.e., Δσi,q = 0 in the optimal solution, 
any ith data broker with a larger serial number (i > k) will be an 
inactive data broker, namely, 
 , ,0 0, , , , ,k q i q i k i k q             (22) 

 , ,0 0, , , , .k q i q i k i k q             (23) 

Proof: Refer to Appendix A for a detailed proof. 
Proposition 2: The ith data broker is classified as an active 

data broker for the qth electricity retailer if and only if its 
cost-effectiveness index satisfies the following criterion: 
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(24) 

Proof: Refer to Appendix B for a detailed proof.  
Proposition 3: For the ith and kth (i < k) data brokers, the 

following two inequalities are satisfied when data brokers are 
both active data brokers and both inactive data brokers respec-
tively, namely, 
 , , ,, , , , ,si q sk q o qe e i k i k q        (25) 

 , , ,, , \ , , .si q sk q o qe e i k i k q         (26) 

Proof: Refer to Appendix C for a detailed proof, where an 
important lemma is introduced and also proven. 

Lemma: Considering the non-negativity of σj and βj for 
j  , the following inequality is satisfied: 
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Finally, the optimal uncertainty reduction of data brokers for 
the qth electricity retailer and the optimal total surplus for the 
qth electricity retailer and its data brokers are as follows. In 
other words, the maximum total surplus is the data profits that 
the qth electricity retailer and its data brokers can allocate. 
Facing passive end users, a positive optimal surplus for the 
coalition of data sharing can be expected: 
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B. Asymmetric Nash Bargaining 

In the coalition, electricity retailers and data brokers consti-
tute a cooperative game. According to existing research, the 
Shapley value method and the nucleolus method are most often 
applied to allocate the benefits in the coalition of a cooperative 
game [33]. However, in these two methods, the basis of profit 
allocation is the marginal profits of coalition members. If 
electricity retailers are included in the coalition, the marginal 
profits of electricity retailers will contain the revenues from 
electricity transactions, which are not comparable to the mar-
ginal profits of data brokers that are from data sharing; if elec-
tricity retailers are excluded from the coalition, the results of 
data sharing are merely related to the marginal profit shares of 
data brokers, and it may be difficult to determine the proportion 
of profit allocation between electricity retailers and data bro-
kers. More essentially, the limitation of the Shapley value 
method and nucleolus method is that they are almost only 
suitable for homogeneous coalition members. 

As mentioned earlier, the contributions of electricity retailers 
and data brokers are heterogeneous. In data sharing, electricity 
retailers are the initial founders, while data brokers are the 
follow-up promoters because at the preliminary stage of the 
current data market, supply is driven by demand. Therefore, the 
asymmetric Nash bargaining model, which is suitable for profit 
allocation considering different types of contributors, is used. 
The key to the asymmetric Nash bargaining model is the mar-
ginal profit shares of each coalition member, which require that 
the sum be equal to one and that the definition of marginal 
profit shares be fair. Fortunately, the marginal profits of elec-
tricity retailers and data brokers to the coalition are numerically 
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comparable: the marginal profit of each electricity retailer is its 
solution of optimal total surplus because this part of optimal 
total surplus will be zero without its presence in the coalition 
and its own revenues from electricity transactions are inde-
pendent of data; the marginal profit of each data broker is the 
difference in the optimal total surplus of all electricity retailers 
that use its data services between its presence and absence in 
the coalition. The sum of marginal profit shares should be one; 
thus, each coalition member’s marginal profit share should 
equal its marginal profit divided by the sum of marginal profits 
of all electricity retailers and data brokers, and the marginal 
profit shares for the qth electricity retailer and the ith data 
broker are 
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  (31) 

Remark: Note that the marginal profit shares should be 
nonnegative because they are the proportion of profit allocated 
to coalition members; otherwise, coalition members will re-
ceive negative allocated profits, which does not satisfy indi-
vidual rationality and will lead to the split of the coalition. For 
the qth electricity retailer, the marginal profit shares are ap-
parently nonnegative because the optimal surplus is zero when 
each Δσi,q equals zero, and it will be nonnegative in the maxi-
mization problem regardless of the specific optimization solu-
tion. For data brokers, the conclusion that the criterion for the 
ith data broker esi,q will increase due to the absence of any 
active data broker can be intuitively drawn according to their 
expressions in Eq. (24) and the proof of Proposition 1, thus the 
cost-effectiveness index of the ith data broker ei will probably 
be lower than esi,q because ei remains unchanged. The higher 
criterion may allow some active data brokers to become inac-
tive data brokers and completely lose their profits, while other 
active data brokers may reduce uncertainty less according to the 
optimal solution in Eq. (28) and receive a smaller profit allo-
cation referring to the proof of Proposition 2, which makes the 
optimal surplus in the absence of one data broker less than that 
in its presence. Similarly, it can be derived that the criteria and 
the optimal surplus will not be affected between the presence 
and absence of any inactive data broker. In addition, from the 
perspective of the optimization model in Eq. (18) – (19), the 
absence of the ith data broker transforms the constraint “0 ≤ 
Δσi,q < σi” change into the constraint “Δσi,q = 0”. It is obvious 
that the constraint “Δσi,q = 0” is the proper subset of the con-
straint “0 ≤ Δσi,q < σi” ; thus, the feasible region of the surplus 
maximization problem decreases, and the optimal surplus will 
be no larger than that in the presence of the ith data broker. 
Therefore, the marginal profit shares of all coalition members 
are nonnegative. 

Based on the marginal profit shares, the asymmetric Nash 
bargaining model is proposed for the profit allocation between 

electricity retailers and data brokers as follows, where the ob-
jective function can be regarded as a form of the utility function 
of the coalition. 

 

 

 
,

, , , , ,
,

max
er
q

er db
q i

db
i

o q
q

er
C q q t q t q t q e q

D D q

db
i

i

U D p X R

D







 







     















 (32) 

 

 

,

, , , , ,. .

o q
q

er
q q t q t q t q e q

q

db
i q

qi

s t D p X R

D S

 









    

 



 









 (33) 

  , , , , , 0,er
q q t q t q t q e qD p X R q         (34) 
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To solve the optimization model, the logarithm of the utility 
function is used for the convenience of the subsequent deriva-
tion. The partial derivatives of the logarithm of the utility 
function with respect to the aggregate benefits of each coalition 

Calculation process 2: Profit allocation using asymmetric 
Nash Bargaining (for electricity retailers) 
1. Input: Given the uncertainty level i  and privacy sensi-

tivity i  of the groups of end users connected to data 
brokers, electricity retailers can directly caclculate the 
cost-effectiveness index ie  of them. 

2. Assumptions: 
a) The data collected by data brokers from their end 

users are irrelevant, thus the variances of different 
groups of end users are additive for electricity re-
tailers. 

b) Electricity retailers and data brokers possess the 
symmetric information before IoT data sharing, i.e., 
the load forecast accuracy of electricity retailers and 
data brokers on the same group of end users will be 
almost equal. 

3. Maximize the total consumers’ surplus related to elec-
tricity retailers and data brokers as the end users are re-
garded as passive participants in IoT data sharing. 

4. Form the coalition of IoT data sharing between electricity 
retailers and data brokers whose cost-effectiveness index 

ie  exceeds the cost-effectiveness standard of electricity 
retailers ,si qe  according to the results of consumers’ sur-
plus maximization. 

5. Calculate the marginal contribution of each electricity 
retailer or data broker to the coalition of IoT data sharing. 

6. Obtain the marginal contribution rates of each electricity 
retailer or data broker by using the marginal contribution 
of him divided by the total marginal contributions of all 
electricity retailers or all data brokers. 

7. Share the total data profits fair between electricity retail-
ers and data brokers based on the margin contribution 
rates through asymmetric Nash bargaining. 

8. Outputs: profits received by electricity retailers er
qD  and 

profit allocated to data brokers db
iD . 
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member which contain its marginal profits and its revenues 
without data sharing are 
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The optimal solution of the Nash bargaining model requires 
that the partial derivatives of each coalition member are equal; 
thus, the aggregate benefits of the qth electricity retailer and the 
ith data broker are derived as follows: 
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Obviously, the results of profit allocation satisfy Pareto op-
timality, individual rationality, no exploitation, and budget 
balance [34]. The complete calculation processes of profit 
allocation can also be summarized. 

IV. CASE STUDIES 

A. Basic Setup 

In the case studies, the practical data used are mainly the load 
demand data of end users and the market price of data in elec-
tricity markets. To ensure the consistency and comparability of 
our research, the load demand data are smart meter data of the 
Commission for Electricity Regulation (CER) in Ireland, and 
the electricity wholesale market price data are from the PJM 
market in the US. In terms of the electricity retailer market 
price data, it is common for electricity retailers to provide the 
optimal pricing schemes. However, the impact of TOU prices 
on end users’ electricity consumption in different time intervals 
and their choice on electricity retailers will not change the form 
of data valuation; hence, the flat retail price of 0.25 $/kWh is 
applied. Negative and positive penalty rates for electricity 
excess and deficit are set to 0.3 and 0.4 respectively to distin-
guish the results of different directions of electricity imbalances. 
Besides, to test the performance of IoT data sharing on calcu-
lation time, all programs are run on a personal computer with an 
Intel Core i7-8550U 1.80-GHz CPU and 16 GB of RAM. 

B. Results of Data Valuation 

1) Data Valuation 
In our previous work [12], the definition of data value rates 

based on the same scenario as this paper is elaborated, and the 
formulas for the data value rates are derived under parametric 
and nonparametric estimation of the probability density func-
tion (PDF) of random variables. However, all candidate dis-
tributions applied in parametric estimation have disadvantages; 
for example, the cumulative distribution function (CDF) of the 
Gaussian distribution cannot be precisely derived in closed 
form, and the logistic distribution is not commonly used in 
distribution fitting. Therefore, the data value rate under kernel 
density estimation (KDE) is used to depict the distribution of 
load forecast errors. 

The data value rate under KDE can be expressed as [12] 
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where M is the number of kernel functions used in KDE, h* is 
the optimal bandwidth in KDE, and m

t
  is the quantile of the 

optimal bid for electricity retailer tX   in the mth kernel func-
tion. 

The aggregate uncertainty that electricity retailers face σe is 
assumed to be 0.1020. Based on the formula for the relationship 

 
Fig. 5. Comparison of hourly theoretical and actual optimal profits for 
electricity retailers and accuracy of data value rates under KDE. 
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Fig. 6. Comparison of hourly optimal quantiles for electricity retailers with 
different risk preferences and the corresponding daily mean data value rates, 
risk-averse data premium rates, and risk-prone data premium rates. 
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between the optimal profits and the data value rate in Eq. (12), 
the data value rate under KDE in Eq. (40), and the assumed σe, 
the theoretical optimal profits under KDE can be calculated and 
compared with the actual results following the two-settlement 
market system. A 10-day example of hourly theoretical and 
actual optimal profits for electricity retailers through 1000 
repeated tests is shown in Fig. 5, and the accuracy data of the 
data value rates under KDE in the 10 days are also listed.  

Fig. 5 shows that the theoretical optimal profits are almost 
coincident with the actual optimal profits, and the accuracy of 
data value rates under KDE is extremely high, remaining above 
99%. Considering the KDE’s universality in load demand dis-
tribution fitting and high accuracy in data valuation, it can be 
used directly in the relevant derivation and application sce-
narios. 
2) Data Valuation for Electricity Retailers with Different Risk 
Preferences 

The effectiveness of data valuation under KDE is validated; 
thus, it is used to calculate the data value rate and data premium 
rate for electricity retailers with different risk preferences. To 
avoid the impact of different parameters on the results, the 
degree of risk aversion ηa and the degree of risk proneness ηp 
are both set to 1, and the conservative quantile εa and the ag-
gressiveness quantile εp are both set to 0.1. A 10-day example 
of hourly optimal quantiles for electricity retailers with dif-
ferent risk preferences and the corresponding daily mean data 
value rates, risk-averse data premium rates, and risk-prone data 
premium rates through 1000 repeated tests are shown in Fig. 6.  

Fig. 6 shows that the optimal quantiles of risk-averse, 
risk-neutral, and risk-prone electricity retailers strictly conform 
to the formulas in Eq. (10) – (11) and Fig. 3. The optimal 
quantiles of risk-averse electricity retailers are no larger than 
those of risk-neutral electricity retailers, while the optimal 
quantiles of risk-neutral electricity retailers are no larger than 
those of risk-prone electricity retailers. In addition, the differ-
ences in optimal quantiles between risk-neutral and risk-prone 
electricity retailers are usually narrower than those of the op-
timal quantiles between risk-averse and risk-neutral electricity 
retailers because of the feature of optimal solutions, which can 
also be found in Fig. 3 for a theoretical basis. Therefore, the 
above results can generally be used to explain that the 
risk-averse data premium rate is much larger than the 
risk-prone data premium rate at the same values of η and ε. 
3) Sensitivity Analysis for Data Premium Rates 

From the discussion of Section Ⅱ-C, it is known that the data 
value rate is related only to market price data, while the 
risk-averse and risk-prone data premium rates are not only 
related to market price data but depend on the degree of risk 
aversion ηa or the degree of risk proneness ηp and the con-
servative quantile εa or the aggressiveness quantile εp. To de-

termine the impact of these parameters to measure risk pref-
erences on the data premium rates, a sensitivity analysis is 
employed, where the degree of risk aversion ηa and the degree 
of risk proneness ηp vary from 0.2 to 1.0 with an interval of 0.2, 
and the conservative quantile εa and the aggressiveness quantile 
εp vary from 0.05 to 0.25 with an interval of 0.05. The results of 
the sensitivity analysis are depicted in Fig. 7. 

Fig. 7 shows that risk-averse and risk-prone data premium 
rates overall follow a similar pattern in which data premium 
rates decrease as the degree of risk aversion ηa and the degree of 
risk proneness ηp increase, and data premium rates increase as 
the conservative quantile εa and the aggressiveness quantile εp 
increase. It can be interpreted that as the degree of risk aversion 
ηa or the degree of risk proneness ηp increases, the weights of 
the CVaR terms are higher in the optimization models for 
risk-averse and risk-prone electricity retailers, and electricity 
retailers obtain optimal solutions that are further away from the 
optimal solutions of optimizing the profit expectations to en-

TABLE Ⅰ 
PARAMETERS OF TEN DATA BROKERS 

Parameter 
Data brokers 

#1 #2 #3 #4 #5 #6 #7 #8 #9 #10 

Uncertainty level σi 0.0229 0.0315 0.0464 0.0354 0.0422 0.0372 0.0317 0.0314 0.0155 0.0087 
Privacy sensitivity βi 0.0216 0.0421 0.1426 0.0895 0.1483 0.1289 0.1033 0.1411 0.0445 0.0210 

Cost-effectiveness index ei 0.1558 0.1535 0.1229 0.1183 0.1096 0.1036 0.0986 0.0836 0.0735 0.0600 

 

 

 
 

Fig. 7. Risk-averse and risk-prone data premium rates under the different 
degree of risk-aversion ηa or degree of risk-proneness ηp and the different
conservative quantile εa or aggressiveness quantile εp. 
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sure the maximization of the sum of the profit expectations and 
the CVaR terms. Thus data premium rates will decrease from 
the perspective of profit expectations; as the conservative 
quantile εa or the aggressiveness quantile εp increase, more 
left-side or right-side tail risks are taken into consideration, and 
electricity retailers obtain optimal solutions that are closer to 
the optimal solutions of optimizing the profit expectations to fit 
with the when the changes that εa and 1-εp are approaching the 
opposite sides, and thus data premium rates will increase. 

C. Results of Profit Allocation 

1) Parameters of Data Brokers 
To cover more situations of data brokers, ten data brokers are 

assigned to participate in the data sharing and their parameters 
including the uncertainty level σi, privacy sensitivity βi, and 
cost-effectiveness index ei, are differently given and the spe-
cific values are shown in Table Ⅰ. Note that the ten data brokers 
are arranged in descending order of ei in line with the assump-
tion in Eq. (26). 
2) Data Brokers in Surplus Maximization 

In the profit allocation, electricity retailers should maximize 
the total surplus of the coalition in advance. Based on the 
formulas for data brokers’ cost-effectiveness indices ei in Eq. 
(25) and criteria to be active data brokers esi,q in Eq. (29), an 
example of the optimal solutions of data brokers’ uncertainty 
reduction is shown in Fig. 8, where the comparison of their ei 
and esi,q are also shown to validate the derivation in Proposition 
2 and Eq. (33). 

Fig. 8 shows that there are seven active data brokers whose 
cost-effectiveness indices ei exceed their cost-effectiveness 
criteria esi,q and three inactive data brokers whose 
cost-effectiveness indices ei are lower than their 

cost-effectiveness criteria esi,q at the given marginal revenue of 

the electricity retailer. Logically, only the seven active data 
brokers’ data are cost-effective enough for the electricity re-
tailer and they achieve corresponding uncertainty reduction as 
the optimal solutions indicate, while the other three inactive 
data brokers do not have the chance to share their data with the 
electricity retailer. Note that there are differences among the 
cost-effectiveness of the seven active data brokers’ data; thus, 
the data broker with higher ei can reduce a higher proportion of 
the uncertainty reduction it can achieve. In addition, the dif-
ferent monotonicity of cost-effectiveness criteria esi,q for active 
and inactive data brokers described in Proposition 3 is also 
validated.  
3) Case 1: One Risk-Neutral Electricity Retailer 

For the simplicity of profit allocation, the case contains one 
risk-neutral electricity retailer, and ten data brokers are con-
sidered first. The data value rates of the electricity retailer are 
calculated based on KDE, and the electricity transactions and 
profit allocation are simulated in the time span of half a year. 
Then, the total marginal profits in half a year and the corre-
sponding marginal profit shares are depicted in Fig. 9. 

Fig. 9 shows that the electricity retailer contributes the most 
marginal profits among all coalition members under the Nash 

bargaining model, which is consistent with our analysis in 

 
Fig. 8. An example of cost-effectiveness indices ei and criteria to be active esi,q

of data brokers, and corresponding optimal solutions of their uncertainty 
reduction. 
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Fig. 9. The total marginal profits in half a year and the corresponding marginal 
profit shares of one risk-neutral electricity retailer and ten data brokers. 

 
 

Fig. 10. An example of the coalition of data sharing comprises of three 
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Section Ⅲ-B, while data brokers also contribute their distinct 
marginal profits based on their optimal uncertainty reduction 
solved through the surplus maximization problem. Finally, the 
electricity retailer and data brokers should allocate the total 
surplus $5,632.7 by marginal profit shares.  

For the profit enhancement of the electricity retailer and data 
brokers, the electricity retailer who are responsible for 6,064 
end users can receive approximately $8,132,926.3 as the total 
revenues in half a year. In IoT data sharing, the demand of 
uncertainty reduction for the electricity retailer bring $18,769.0 
as additional benefits to the electricity retailer and data brokers, 
which is 2.3‰ of the total revenues. Through profit allocation, 
$5,632.7 in the total revenues are allocated to the electricity 
retailer, which is 0.7‰ of his total revenues, and the rest 
$13,136.3 are allocated to data brokers, which are almost net 
profits for them. Although the additional benefits from IoT data 
sharing is relatively slim for the electricity retailer, this is only 
the benefits of the electricity retailer with high load forecasting 
accuracy in the aspect of further improving his load forecasting 
accuracy. If the electricity retailer utilizes IoT data sharing in 
other aspects of his business, he will obtain more additional 
profits and benefit more data brokers. 
4) Case 2: Three Risk-Neutral Electricity Retailers 

Considering that the coalition members should comprise 
several electricity retailers and several data brokers to fit reality, 

another case containing three risk-neutral electricity retailers 
and ten data brokers is proposed, where the three electricity 
retailers share data with their specific group data brokers and 
one data broker may also serve multiple electricity retailers, as 
they have more data sources of end users. The data sharing 
coalition is shown in Fig. 10, where three electricity retailers 
obtain data from 4, 5, and 6 data brokers, and data brokers (DB) 
#1, #2, #4, and #8 serve multiple electricity retailers. Similarly, 
the profit allocation is simulated in the time span of half a year, 
and the total marginal profits in half a year and the corre-
sponding marginal profit shares of electricity retailers and data 
brokers are depicted in Fig. 11. 

Fig. 11 shows that the three electricity retailers together still 
contribute the most marginal profits among all coalition 
members, but the aggregate marginal profits of the three elec-
tricity retailers, which are also the total surplus that can be 
allocated to all coalition members, decrease to $4,818.9. The 
reduction in total surplus is because, with the dispersion of data 
brokers, they can only achieve lower uncertainty reduction for 
different electricity retailers they serve since their end users’ 
privacy sensitivity is fixed.  
5) Case 3: Three Risk-Averse or Risk-Prone Electricity Re-
tailers 

Electricity retailers can have risk preferences other than risk 
neutrality, which may affect their marginal revenues from data 
according to the derivation in Section Ⅱ-C. To simulate elec-
tricity retailers with different risk preferences, the coalition 
members and their relationships between them are the same as 
those in Case 2, and the three electricity retailers are a 
risk-averse electricity retailer with ηa = 0.2 and εa = 0.1, a 
risk-prone electricity retailer with ηp = 2 and εp = 0.1, and a 
risk-averse electricity retailer with ηa = 0.1 and εa = 0.05. Sim-
ilarly, the profit allocation is simulated in the time span of half a 
year, and the total marginal profits in half a year and the cor-
responding marginal profit shares of electricity retailers and 
data brokers are depicted in Fig. 12. 

 Fig. 12 indicates that the marginal profit shares of the three 
electricity retailers change sharply due to their distinct risk 
preferences. In addition, the aggregate marginal profits of the 
three electricity retailers increase to $19,741.2 because the data 
premium rates are always much larger than the data value rates. 

D. Discussions 

1) Comparison of profit allocation among different cases 
Based on the three cases mentioned above, the profit alloca-

tion results and proportions among those cases can be com-
pared in Fig. 13. 

Fig. 13 shows that it is better for data brokers to serve an 

 
Fig. 12. The total marginal profits in half a year and the corresponding marginal 
profit shares of three risk-averse or risk-prone electricity retailers and ten data 
brokers. 

 
Fig. 11. The total marginal profits in half a year and the corresponding marginal 
profit shares of three risk-neutral electricity retailers and ten data brokers. 

 
Fig. 13. Comparison of the profit allocation results and proportions among 
three cases. 
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electricity retailer with many end users, as the total surplus and 
the profit allocation proportion are both higher when they 
cannot judge the electricity retailer’s risk preferences; 
otherwise, they should choose electricity retailers with extreme 
risk preferences whose profit allocation proportion is lower, but 
the total surplus will be sufficient to ensure that data brokers 
receive more profits. 
2) Comparison of profit allocation among different methods 

To compare different profit allocation methods, the com-
monly-used Shapley value method and the profit allocation 
method proposed in [17] are regarded as the benchmarks. Using 
Case 1 above as the case, the profit allocation proportions using 
can be compared in Fig. 14. 

Fig. 14 shows that the electricity retailer cannot receive any 
additional profits from IoT data sharing when using Shapley 
value method. In Shapley value method, the allocated profit is 
average marginal contribution of each coalition member under 
all possible orders of coalition joining, thus in the scenario of 
electricity retail, all coalition member will not receive any 
profits before the electricity retailers join the coalition. The 
marginal contributions of electricity retailers in all possible 
orders will be considered, while the marginal contributions of 
data brokers in part of possible orders will be considered. To 
avoid the problem mentioned above, electricity retailers should 
be considered as permanent members in the coalition of IoT 
data sharing, and Shapley value method is merely used for data 
brokers. Under such circumstance, it is hard to be fair when 
using Shapley value method to allocate profits in IoT data 
sharing. Moreover, the proportion for the electricity retailer is 
also somewhat unfair when using the profit allocation method 
proposed in [17], because the electricity retailer is the main 
initiator of IoT data sharing and he provides the opportunities 
of obtaining data value to data brokers, thus only 4.6% of total 
profits are allocated to the electricity retailer is unreasonable. 
By comparison, the profit allocation method using asymmetric 
Nash bargaining is the most reasonable and fair one for both the 
electricity retailer and data brokers, where their heterogeneous 
contributions are comprehensively considered. The electricity 
retailer is in a crucial position and he receives relatively high 
30.0% of profits, while all data brokers receive the rest 70.0% 
of profits directly related to their margin contributions. 
3) Calculation time 

To demonstrate whether the calculation time of data valua-
tion and profit allocation is acceptable for the application of IoT 
data sharing in electricity transactions, the time needed for 
hourly calculation of data valuation and profit allocation pro-
grams is calculation by averaging the time of one thousand 
times of program runs. 

At time intervals of one hour and still using Case 1 above as 
the case, data valuation needs 0.0034 seconds and profit allo-
cation needs 0.2560 seconds. For comparison, profit allocation 
using Shapley value method needs 22.1912 seconds, profit 
allocation using nucleolus method needs 22.0024 seconds. It 
can be learned from formulas that the calculation time of profit 
allocation using Shapley value method or nucleolus method 
will exhibit a factorial growth rate as the scale of end users 
increases, while the calculation time of profit allocation using 

asymmetric Nash bargaining only exhibit a linear growth rate 
as the scale of end users increases. Therefore, profit allocation 
using asymmetric Nash bargaining can even meet the applica-
tion requirements of 5-minute ultrashort-term load forecasting, 
while profit allocation using Shapley value method or nucleo-
lus method may not have satisfactory computational efficiency, 
especially when the scale of electricity retailers, data brokers, 
and end users are large. 

V. CONCLUSIONS AND FUTURE WORK 

Focusing on the flaws in IoT data sharing, the models in the 
two main stages, including data valuation and profit allocation, 
are remoulded in this paper. For the data valuation, a compre-
hensive model incorporating the impacts of feature attributes of 
data buyers on the data value is proposed to reflect the fact that 
data value is related to the demanders’ use; for the profit allo-
cation, an asymmetric Nash bargaining model is introduced 
considering the heterogeneous contributions of data buyers and 
sellers to the coalition of data sharing. The scenario in which 
electricity retailers participate in electricity transactions is 
applied for practical analysis, where the feature attributes are 
considered the risk preferences of electricity retailers and the 
profit allocation is between electricity retailers and data brokers 
who collect end users’ data and provide private data services. 
The results in practical cases validate that the data premium 
rates caused by risk preferences will be added to data value 
rates and become an important part of the marginal revenues of 
electricity retailers. Moreover, the profit allocation between 
electricity retailers and data brokers is reasonable because 
electricity retailers obtain more profits due to their contribu-
tions to determining the data demand and promoting the for-
mation of data sharing, while data brokers can also be inspired 
in choosing electricity retailers. 

Future works can be extended from several interesting di-
rections in the field of IoT data sharing. First is the generaliza-
tion of application scenarios. IoT data are valuable intangible 
assets that can be broadly used in different practical scenarios, 
and their value is not limited to uncertainty reduction. The 
second is the IoT data audit. Unlike commodities, IoT data 
more or less imply the privacy of entities associated with the 
data. To avoid privacy not being properly exposed in the ap-
plication, the regulator needs to audit the target and content of 
data sharing. The third is the mechanism design of IoT data 
markets. With the improvement of regulation, data will not be 
monopolized by some statistical departments or data platforms 
but will be towards free circulation. Hence, sound trading and 
settlement mechanisms need to be created to guarantee the 
efficiency of IoT data market.  

 
Fig. 14. Comparison of the profit allocation proportions among three profit 
allocation methods. 
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APPENDIX 

A. Proof of Proposition 1 

For the relationship in Eq. (22), it can be proven through the 
reduction to absurdity. It is assumed that there exists i that 
satisfies i < k and that the ith data broker is an inactive data 
broker, thus “Δσi,q = 0” is part of the optimal solution, while 
“Δσk,q > 0” should also be satisfied as the kth data broker is an 
active data broker. 

The first-order partial derivative of the total surplus Sq with 
respect to the uncertainty reduction of the ith and kth data 
brokers for the qth electricity retailer Δσi,q and Δσk,q based on 
the conditions mentioned above can be obtained as 
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Considering that the kth data broker is an active data broker 
with a positive Δσk,q, its first-order partial derivative should 
equal zero, namely, 
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However, based on the assumption in Eq. (21), we have 
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Eq. (A.4) indicates that 
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 (A.5) 

Therefore, based on the continuous derivability of the total 
surplus Sq at “Δσi,q = 0”, a small positive Δσi,q can always be 
found to increase the optimal total surplus, which contradicts 
the assumption that the ith data broker is an inactive data broker, 
that is, the proposition that “Δσi,q = 0” is part of the optimal 
solution will be falsified.  

Hence, if the kth data broker is an active data broker, then 
any ith data broker with a smaller serial number (i < k) will be 
an active data broker. Similarly, the relationship in Eq. (23) can 
also be proven through the reduction to absurdity.                  ■ 

B. Proof of Proposition 2 

To solve the surplus maximization model in Eq. (18) – (19), 
the first-order optimality condition is still used first, thus the 
first-order partial derivative of the total surplus Sq with respect 
to the uncertainty reduction of the ith data broker for the qth 
electricity retailer Δσi,q is 
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Let the first-order partial derivative equal to zero, and the 
condition can be transformed to 
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However, there may be some data brokers that cannot reach 
their optimal solutions related to the first-order optimal condi-
tions; thus, their Δσi,q should be located at the boundary of the 
feasible intervals, namely, zero. We define set  as composed 
of all data brokers and set o,q as composed of data brokers 
whose optimal solution is not zero for the qth electricity retailer. 
Data brokers whose optimal solution is not zero are also called 
active data brokers, and other data brokers are called inactive 
data brokers. The conditions of active data brokers are sum-
marized as follows: 
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Through the derivation, the optimal solution for “Δ𝜎𝑖,𝑞 > 0” 
is equivalent to the following inequality: 
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where set o,q is not a specific set but a set of active data sup-
pliers including the ith data broker. From another perspective, 
the cost-effectiveness index ei of the ith data broker should 
satisfy Eq. (B.4) as long as he is an active data broker. Ac-
cording to the proof of Proposition 1, it is known that the 
smallest set of active data brokers that includes the ith data 
broker is the set that only contains data brokers with serial 
numbers from 1 to i, thus the cost-effectiveness index ei of the 
ith data broker must satisfy: 
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Therefore, Eq. (24) is the necessary condition for the ith data 
broker to be an active data broker. Then, we will prove Eq. (24) 
is the sufficient condition for the ith data broker to be an active 
data broker, and the reduction to absurdity is used again. It is 
assumed that Eq. (24) is satisfied, but the ith data broker is an 
inactive data broker. According to Eq. (24) and the equivalence 
between Eq. (B.4) and the ith data broker being an active data 
broker, we have 
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Because of Proposition 1, we know that set o,q only con-
tains those active data brokers who have serial numbers smaller 
than i; thus, we assume that the maximum serial number of 
active data brokers is k (k < i). Then, we have 
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Through the derivation, we have the following inequality 
when k = i – 1: 
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According to the assumption, it is obvious that any possible 
set o,q should satisfy Eq. (B.6) – (B.7), but set o,q satisfies Eq. 
(B.9) when k = i – 1 based on our derivation: 
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Note that Eq. (B.10) contradicts the assumption, which in-
dicates that the assumption is falsified and Eq. (24) is the suf-
ficient condition for the ith data broker to be an active data 
broker. In summary, Eq. (24) is the sufficient necessary condi-
tion for the ith data broker to be an active data broker.           ■ 

C. Proof of Proposition 3 

To prove Proposition 3, Lemma should be proved first. 
According to the definition of ei in Eq. (20) and the 

basic assumption that the sequence {ei} is monotonically 
not increasing in Eq. (21), the right-side inequality in Eq. 
(27) can be proven as follows: 

 

2 2 2

1 1 12

1 1 1

.

k k k

i j j j j
j i j i j i

i i k k k

j j j
j i j i j i

e e

e e

  

  

     

     

   
  

  
 (C.1) 

Similarly, the left-side inequality in Eq. (27) can also 
be proven. Given that Lemma has been proved, for Eq. 
(25) in Proposition 3, because the kth data broker is an 
active data broker in Eq. (25), thus we can combine the 
Lemma and the cost-effectiveness criterion and then ob-
tain 
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Shifting the denominator of the right side to the left side and 
simultaneously squaring both sides, Eq. (C.2) is transformed to 
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 (C.3) 

Shifting the first term of the right side to the left side and 
simultaneously squaring the nonnegative terms on both sides 
again, Eq. (C.3) is transformed to 
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Expanding the left side and eliminating the same terms on 
both sides, Eq. (C.4) is transformed to 
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Shifting the denominator of the left side to the right side, Eq. 
(C.5) is transformed to 
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Doubling both sides, adding terms to make up quadratic 
terms and extracting the square root on both sides, then 

 

2 2 2 2
, ,

1 1 1 1

2 2

2 2 2 2
, ,

1 1 1 1

2 2

4 4 .

N N k i

q j q j j j
j i j k j j

i N k N

j q j j q j
j j i j j k

R R

R R

 

 

   

   

     

     

 

   
     

   

   

   
 (C.7) 



 17 

Adding terms to make up quadratic terms and extracting the 
square root on both sides, then 
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Finally, Eq. (25) can be directly obtained through term 
shifting from Eq. (C.8). In terms of the proof of Eq. (26), the 
derivation should follow the steps from Eq. (C.2) – (C.8) and 
start with Eq. (C.9) as follows: 
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In addition, it is also found that Eq. (C.10) can be proved 
based on Proposition 2. 
 , 1, , ,, , 1 \ , .si q si q o q o qe e i i q          (C.10) 
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