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Abstract — Advances in smartphone technologies enable
mobile data subscribers to resell their data allowance to
other users, creating a secondary data market. The trading
environment of this secondary data market is dynamic and
ad-hoc: buyers and sellers join and leave the market at all
times, changing the trading landscape constantly. The
amount of data demanded and offered at any point in time
also vary. These conditions make determining a fair
transaction price, and matching buyers to sellers difficult
in practice. Prior schemes utilize global description of the
network and market forces to achieve good performance,
but the implementation requires a high overhead cost. In
this paper, we present DataMart, a data pricing and user
matching platform for trading in this dynamic, ad-hoc and
heterogeneous market that works in distributed manner
without needing global information. Using insights from
real world traces, we demonstrate via simulation that our
pricing scheme is converging and consistent with the law of
demand and supply. Further, our user matching scheme
achieves comparable performance to the optimal solution.
We implement a prototype on Android platform, and the
experiment results confirm the effectiveness of DataMart.
I. INTRODUCTION
As smartphone technology and demand for mobile data
advance, subscribers are now able to use their mobile phones
to resell their unused data quota to other mobile users. This
creates a secondary market for mobile data, which is now being
practiced in Hong Kong [1] and South Korea [2]. From the
perspective of economy, reselling unused data is not just
beneficial to the general mobile user communities [3, 4, 5, 14,
20, 21] (e.g. increase subscribers’ savings by up to 48% [14],
enable ad-hoc Internet access to users, etc.), it also improves
ISP’s revenue [3, 4, 21].
Pioneering studies in secondary mobile data market
formulate data trading into data sale transaction maximization
problem [3, 4, 5, 20, 21]. Two factors influence the
effectiveness of these solutions: (a) how pricing is determined
and (b) how buyer-seller are matched for a transaction. Without
an effective pricing mechanism, sellers may have to sell their
data for lesser value than a fair price, or conversely, buyers may
have to pay more than necessary, hence discouraging users to
participate in the trade. Similarly, without an effective
matching scheme, a seller may be paired with a buyer with a
demand higher than what the seller can satisfy, obstructing the

completion of the transaction. Ultimately, the number of
trading participants and satisfying buyer’s demand have a
direct impact on the total amount of data being transacted.
In reality, determining a fair transaction price and matching
buyers with sellers are difficult in secondary data market. An
earlier framework is designed for stationary scenario [3], where
price is allowed to be adjusted over time and seller waits until
he/she is matched to the right buyer. In practice, this scheme
may not be feasible because the landscape of buyers and sellers
constantly change as users (potential trade participants) arrive
and leave all the time, and the time duration of each user
staying in a location varies significantly [15]. For example, the
duration of time different mobile users remain in a train station
depends on their respective train schedule and agenda. In
addition, mobile data market is typically not restricted by space
or time [14, 15], i.e., users are free to decide when to transact
at their convenience, which makes the trading setting ad-hoc.
Furthermore, secondary data market is also heterogeneous,
where the level of demand and supply may vary [4].
Alternatively, there are data trading frameworks designed for
centralized scenario in which ISP decides the transaction price
and performs the matching between buyer and seller [4], or
when the framework requires access to global description of all
buyers and sellers [5]. The centralized approaches may achieve
good outcomes, but it may put immense pressure on the central
controller and suffer from control overheads (e.g., scalability,
synchronization, fault tolerance, flexibility, etc.).
In this paper we present DataMart, a solution designed to
determine pricing and buyer-seller matching in distributed
fashion without centralized solution suited for such highly
dynamic and heterogeneous market environment and ad-hoc
setting. Our pricing scheme adapts the concept of double
auction [13] and ensures that prospective buyers and sellers are
truthful to their bid and ask price respectively, such that false
valuation is not beneficial. The truthfulness is critical to
determining an accurate transaction price that reflects the
demand and supply dynamics. To minimize the duration of the
negotiation stage, our pricing model filters prospective buyers
and sellers according to their willingness to trade at the
transaction price. Then, buyers and sellers are quickly matched
based on corresponding levels of demand (of the buyer) and
supply (by the seller) of data, ensuring buyer’s demand is met.
For example, two buyers may demand 5 MB and 10 MB of
data, while there are two sellers supplying 6 MB and 12 MB of
data. Our algorithm will match the buyer needing 5 MB to the

seller offering 6 MB, and the buyer needing10 MB to the seller
with 12 MB.
The design of DataMart has the following advantages:
Firstly, the prospective buyers and sellers do not need to know
the transaction price ahead of time, and the price is not
predetermined. Rather, the price is determined by how
potential buyers and sellers truly value the service. Secondly,
our solution is designed for distributed environment and does
not require complete information of the trading setting. The
valuation of the service is only known to the individual
participants of the transaction. Thirdly, our algorithms can
quickly match a buyer with the appropriate seller, which is
crucial for successful transactions in a dynamic environment.
Fourthly, our solution ensures that a buyer is paired with a
seller who can fulfill the buyer’s demand.
In evaluating DataMart, we show DataMart’s pricing and
matching schemes establish several important theoretic
properties. Firstly, to ensure that transaction price accurately
abides by the law of demand and supply, we demonstrate that
the pricing scheme obtains a unique Nash equilibrium, which
corresponds to buyer’s and seller’s truthfulness toward their
bid and ask price. Then, we prove that our matching scheme
convergences. Additionally, we also show that both the pricing
and matching schemes achieve polynomial time.
Next, we evaluate DataMart by using simulation based on
real-world traces with up to 2,000 users in different scenarios
of user proximities. The results confirm that our pricing scheme
is converging and consistent with the law of demand and
supply, regardless of the number of users and environment
settings. Additionally, with only partial information made
available, our matching scheme performs acceptably well,
within 12% on average of optimal matching efficiency. We
further investigate practical issues, such as price convergence
speed. We observe that the convergence speed is influenced by
the number of user gathering (cluster) for data trading, how
these clusters of users are geographically positioned relative to
one another, and how much these user clusters overlap.
To further assert the practicality of our solution, we
implement a prototype on Android platform. Our experiments
demonstrate that DataMart can efficiently complete user
discovery, pricing and matching computation with 4,000 users
within 139.88ms, confirming that DataMart can effectively
support mobile data trading in a dynamic environment and adhoc settings.
The remainder of the paper is organized as follows. We begin
with related work in Section II followed by a presentation of
our pricing and matching mechanisms in Sections III and IV,
respectively. Theoretical analysis and simulation results are
presented in Sections V and VI, followed by concluding
remarks in Section VII.
II. RELATED WORK
Initial studies on mobile data trading primarily investigate
how the pricing mechanism can be economically beneficial
[3,4,5,21]. In [3,], the authors propose a dynamic pricing
mechanism to ensure that ISP does not lose market oversight
while covering the minimum cost to support data trading and
how ISP can gain additional revenue through revenue sharing
with sellers. ISP also controls how much revenue sellers may
gain in order to prevent additional traffic from data trading

from adversely affecting the quality of service to ISP’s
subscribers. In [21], authors propose a data trading scheme
based on game theory where the market is controlled by ISPs
adjusting the data plan of frequent data traders. In [4], the
authors propose an auction-based pricing mechanism that
optimizes ISP’s revenue by determining how much data can be
sold and the gap between the bid and ask price. While the
minimum price in these two papers is determined by ISP, our
DataMart does not have the restriction of a minimum price.
Study [5] addresses multi periods or round auction for
secondary data market where an auction consists of a series of
sub-auctions that occur sequentially. Each sub-auction in the
sequence is conducted in a centralized fashion, i.e. the auction
algorithm has a global description of the overall network and
market forces, which incurs high control overhead cost. In
contrast, our solution resolves trading in a decentralized
fashion where the auction algorithm only has partial
information of buyers and sellers.
Other existing studies on data sharing are primarily on how
data can be effectively and efficiently shared among multiple
mobile phone users [6, 7]. However, these papers do not
consider the pricing aspect of data sharing and the economic
impact on ISP. Authors of [8] propose a data sharing
mechanism between local Wi-Fi providers (such as coffee
shops, library, etc.) and global Wi-Fi providers (like Skype
WiFi) such that the local Wi-Fi providers receive incentives to
support Skype’s members. However, today’s Wi-Fi providers
rely on wired connection with unlimited quota for data, which
is different from mobile data subscriptions. In [9, 10, 11], the
authors propose auction methodologies for spectrum secondary
market for primary owners (sellers) to lease their spectrum to
buyers when their spectrum is idle. However, spectrum trading
does not occur in a dynamic and ad-hoc environment. Thus,
spectrum trading utilize incentive schemes for buyers and
sellers that are different from data trading.
III. SYSTEM MODEL
A. Problem Formulation
Let 𝑄 be a set of pairs 𝑞 = {𝑏, 𝑠} of buyer 𝑏 and seller 𝑠 that
successfully engage in data transaction. Let 𝑈𝑞 = 𝑈(𝑥𝑏𝑏𝑢𝑦 , 𝑥𝑠𝑠𝑒𝑙𝑙 )
denote the utility function of a transaction between a pair of
buyer and seller 𝑞 = {𝑏, 𝑠} , where (𝑥𝑏𝑏𝑢𝑦 , 𝑥𝑠𝑠𝑒𝑙𝑙 ) represent the
data amount demanded and offered by the buyer and the seller
respectively.
𝑏𝑢𝑦

𝑏𝑢𝑦

𝑈𝑞 = 𝑈(𝑥𝑏

𝑥
, 𝑥𝑠𝑠𝑒𝑙𝑙 ) = { 𝑏
0,

𝑏𝑢𝑦

, 𝑖𝑓 𝑥𝑠𝑠𝑒𝑙𝑙 ≥ 𝑥𝑏

,

(1)

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

The optimal offline data transaction is formulated as follows.
𝑚𝑎𝑥 ∑ 𝑈𝑞 𝑧𝑞 ,

(2)

𝑞∈𝑄

𝑠. 𝑡. 𝑝𝑞 𝑧𝑞 = 𝑃,

(2. 𝑎)

𝑡𝑞 𝑧𝑞 ≤ Γ,

(2. 𝑏)

𝑂𝑣𝑒𝑟 𝑧𝑞 ∈ {0,1}, ∀𝑞 ∈ 𝑄,

where 𝑧𝑞 = 1 if pair 𝑞 successfully engages in a transaction;
Otherwise, 𝑧𝑞 = 0. Constraint (2. 𝑎) ensures that the price 𝑝𝑞
paid by buyer or received by seller is in accordance to the
transaction price 𝑃 determined prior to the completion of the

trade. Additionally, constraint (2. 𝑏) ensures that the time
required to match buyer to an appropriate seller does not
exceed the time limit Γ (before the transaction setting changes).
However, time limit Γ varies and is dependent on the dynamics
of user activity. For example, time limit Γ for users on the move
(e.g. waiting for the bus) tends to be shorter than the time limit
Γ for users dining in a restaurant. The key to solving problem
(2) is to divide the problem into two parts. We first determine
a transaction price and find buyers and sellers who are willing
to do transaction at the determined price. Then, we pair these
buyers and sellers according to buyers’ demands.
For the first part of the problem, our pricing scheme adapts
the concept of double auction [13]. In a double auction,
multiple winners trade goods with a single price in a single
auction. The price is decided by an auctioneer with full
knowledge of the auction participants. However, transaction
price in secondary mobile data trading is affected by a variety
of market forces, for example, the number of buyers and sellers,
the level of demand and supply, previous pricing, etc. Given
that secondary mobile data trading takes place in a dynamic
environment and ad-hoc settings, not all information on those
market factors is available. Our adaptation and extension of the
double auction concept enable us to determine a transaction
price accurately despite the absence of a full knowledge of the
dynamic market factors.
Following that, we design a matching scheme to quickly pair
up buyers and sellers for transactions. Note that because of the
dynamic and ad-hoc nature of the secondary mobile data
market, complete information on the network topology is often
not available. Therefore, traditional maximum-flow based
formulation [17] and the corresponding solutions are not
suitable here. Later we show that both our pricing scheme and
matching algorithms are accomplished in polynomial time, and
the performance of the matching algorithm is near optimal.
B. Modeling Buyers and Sellers
Consider a set of buyers 𝐵 and a set of sellers 𝑆. Buyer 𝑏 ∈
𝑏𝑢𝑦
𝐵 is characterized by a tuple 〈𝑝𝑏𝑏𝑖𝑑 , 𝑥𝑏 〉 , where 𝑝𝑏𝑏𝑖𝑑 > 0
denotes buyer 𝑏’s willingness to pay per unit (bid price) and
𝑏𝑢𝑦
𝑥𝑏 > 0 is the amount of data that buyer 𝑏 intends to purchase
and 𝑝𝑏𝑏𝑖𝑑 =

𝑚𝑏𝑏𝑖𝑑
𝑏𝑢𝑦

𝑥𝑏

, where 𝑚𝑏𝑏𝑖𝑑 denotes the total amount of

money of the bidding. Similarly, seller 𝑠 ∈ 𝑆 is characterized
by a tuple 〈𝑝𝑠𝑎𝑠𝑘 , 𝑥𝑠𝑠𝑒𝑙𝑙 〉, where 𝑝𝑠𝑎𝑠𝑘 > 0 is seller 𝑠’ willingness
to sell per unit (ask price) for 𝑥𝑠𝑠𝑒𝑙𝑙 > 0 amount of data, and
𝑚𝑠𝑎𝑠𝑘
𝑝𝑠𝑎𝑠𝑘 = 𝑠𝑒𝑙𝑙
,where 𝑚𝑠𝑎𝑠𝑘 denotes the total amount of money of
𝑥
𝑠

the asking price. Note that, 𝑝𝑠𝑏𝑖𝑑 and 𝑝𝑠𝑎𝑠𝑘 are per unit bid or
ask price respectively. DataMart on the mobile device of seller
𝑠 keeps track of the information of buyers and sellers that are
within the radio range of seller 𝑠 . Buyers and sellers only
submit their bid and ask price once per auction and they are not
allowed to change their bid and ask price during the auction.
Assumption 1. We make the following assumptions
 Individual rationality: a buyer or seller always receives a
non-negative utility by participating in the auction.
 Feasibility: each user’s service transaction can take place
within his/her reported lifetime in the system if he/she is
selected as a winning buyer or seller.

Fig. 1. Network topology: Sellers (A,B,C) and Buyers (1,2,3,4). Seller A is
within the range of seller B and C, as well as buyers 1,2, and 3, but not buyer 4.
Seller B and C are outside of each other’s radio range. Thus, B is not aware of
C and buyer 3 and 4. Similarly, C is not aware of B and buyer 1 and 2.
a)

b)

Fig. 2. Deciding transaction price given as set of prospective buyers and sellers.

 Both buyer and seller have to remain within physical vicinity
while data is being traded, otherwise the buyer is at risk of
losing data that is bought but not yet used.
 Buyer and seller will honor the transaction.
C. Data Trading in Secondary Market
A trading begins with a prospective buyer 𝑏 announcing
his/her bid price and the amount of data he/she wishes to
𝑏𝑢𝑦
purchase by broadcasting a tuple 〈𝑝𝑏𝑏𝑖𝑑 , 𝑥𝑏 〉 to his/her
neighboring nodes. On the other side, a prospective seller 𝑠
listens to broadcast from prospective buyers and shares tuple
〈𝑝𝑠𝑏𝑖𝑑 , 𝑥𝑠𝑏𝑢𝑦 〉 with other prospective sellers. These activities are
carried out by our mobile application DataMart, which we
develop on Android platform and is installed on buyers’ and
sellers’ mobile devices (i.e., smartphones). DataMart can also
be utilized by third party providers (e.g., ISP’s). Then DataMart
performs our pricing scheme residing in sellers’ mobile
devices. In our scheme, the bids and asks are only known to
DataMart and buyers/sellers themselves, and messages are
encrypted with standard hashing and encryption schemes [23].
After the transaction price is decided, DataMart matches a
buyer to a seller who can meet the buyer’s demand by using the
information collected from neighboring nodes according to the
following steps: DataMart residing at seller’s smartphone
determines a set of buyers 𝐵𝑞 and a set of sellers 𝑆 𝑞 , who are
willing to do transaction at the determined price. Then,
DataMart matches each buyer in 𝐵𝑞 to a seller in 𝑆 𝑞 . After
matching, a seller connects and offers service to his/her
designated buyer. Upon receiving offers from sellers, a buyer
either accepts one of the offers or rejects all offers. If the buyer
accepts an offer, the buyer then receives the service from the
selected seller. In DataMart, the matching scheme is only
performed at sellers’ smartphones because generally buyers are
the ones who make the final decision on the purchase. If the
matching scheme were placed at buyers’ mobile devices, then

sellers would make the final decision whether to proceed with
the transaction. If the matching mechanism were placed on
both sellers’ and buyers’ mobile device, then a potential
deadlock situation may occur where a buyer expects to be
matched with a particular seller, while the seller anticipates to
be matched to a different buyer.
Additionally, a buyer may receive offers from multiple
sellers due to the following reasons. The buyer is physically
located within the radio range of multiple sellers but the sellers
themselves are not within the range of one another (hidden
terminal problem), as illustrated in Figure 1. Thus, DataMart
residing at a seller’s mobile device may not be aware of the
existence of other sellers in the area. Secondly, there is no
global coordination between sellers and buyers, a common
characteristic in a highly dynamic environment and ad-hoc
settings.
IV. DATA TRADING MECHANISM
Our data trading mechanism consists of two steps: first, a
fair transaction price is computed that ensures truthfulness for
both buyers and sellers. Then a near-optimal matching scheme
pairs up buyers with sellers for transactions.
A. Determining Transaction Price
Here, we present our double auction [13] inspired scheme to
determine a transaction price where information on market
forces (previous pricing, demands, supply, buyers, sellers, etc)
are unknown a priori.
Algorithm 1: Determining Eligible Buyers and Sellers
1. If 𝑚𝑖𝑛(|𝐵|, |𝑆|) < 1, then exit(). //No trade.
2. Sort set 𝐵 according to bid in descending order.
3. Sort set 𝑆 according to ask in ascending order.
4. for each buyer 𝑏 ∈ 𝐵 and 𝑠 ∈ 𝑆 do
5.
If 𝑝𝑏𝑏𝑖𝑑 ≥ 𝑝𝑎𝑢𝑐 , then add 𝑏 → 𝐵𝑞 .
6.
If 𝑝𝑠𝑎𝑠𝑘 ≤ 𝑝𝑎𝑢𝑐 , then add 𝑠 → 𝑆 𝑞 .
7. end for

Given a set of prospective buyers 𝐵 and a set of prospective
sellers 𝑆, our double auction based pricing scheme begins with
sorting the buyers in 𝐵 according to bid price 𝑝𝑏𝑏𝑖𝑑 in
descending order and sorting the sellers in 𝑆 in ascending order
according to ask price 𝑝𝑠𝑎𝑠𝑘 . Thus, for ∀𝑏 ∈ 𝐵 and ∀𝑠 ∈ 𝑆, we
have
𝑏𝑖𝑑
𝑝0𝑏𝑖𝑑 ≥ 𝑝1𝑏𝑖𝑑 ≥ 𝑝2𝑏𝑖𝑑 ≥ ⋯ ≥ 𝑝|𝐵|
,
𝑎𝑠𝑘
𝑝0𝑎𝑠𝑘 ≤ 𝑝1𝑎𝑠𝑘 ≤ 𝑝2𝑎𝑠𝑘 ≤ ⋯ ≤ 𝑝|𝑆|
.

Let 𝑘 > 0 be the index of the last pair of bid and ask price, such
𝑏𝑖𝑑
𝑎𝑠𝑘
that 𝑝𝑘𝑏𝑖𝑑 ≥ 𝑝𝑘𝑎𝑠𝑘 and 𝑝𝑘+1
≤ 𝑝𝑘+1
. As illustrated in Figure
2(a), the auction price for the service is defined as follows.
𝑝𝑎𝑢𝑐 =

1 𝑏𝑖𝑑
𝑎𝑠𝑘
(𝑝
+ 𝑝𝑘+1
).
2 𝑘+1

(3)

However, as illustrated in Figure 2.b, if 𝑝𝑘𝑏𝑖𝑑 ≥ 𝑝𝑘𝑎𝑠𝑘 and
𝑏𝑖𝑑
𝑎𝑠𝑘
𝑝𝑘+1
= ∅ or 𝑝𝑘+1
= ∅, then the auction payment is defined as
the following,
𝑝𝑎𝑢𝑐 =

1 𝑏𝑖𝑑
(𝑝 + 𝑝𝑘𝑎𝑠𝑘 ).
2 𝑘

(4)

Here, price 𝑝𝑎𝑢𝑐 can be interpreted as the transaction price and
it is also used to speed up the matching scheme by only
matching buyers and sellers who are willing to transact at the
transaction price. Therefore, all buyers 𝑏 ∈ 𝐵 with 𝑝𝑏𝑏𝑖𝑑 ≥
𝑝𝑎𝑢𝑐 and all 𝑠𝑗 ∈ 𝑆 sellers with 𝑝𝑠𝑎𝑠𝑘 ≤ 𝑝𝑎𝑢𝑐 are eligible to
participate in the data transaction (Algorithm 1). The eligible
buyers and sellers are included in set 𝐵𝑞 and 𝑆 𝑞 ; buyers and
sellers that are not included in 𝐵𝑞 and 𝑆 𝑞 are considered
priced-out, i.e. when buyers’ bid price is too low, or sellers’ ask
price is too high and becomes unaffordable.
B. Buyer-Seller Matching Scheme
Our matching problem is formulated as an optimization
problem, which is described as follows.
𝑏𝑢𝑦

𝑚𝑎𝑥 ∑ 𝑥𝑞

𝑧𝑞 ,

(5)

𝑞∈𝑄
𝑏𝑢𝑦

𝑠. 𝑡. ∑ 𝑥𝑏

≤ 𝑥𝑠𝑠𝑒𝑙𝑙 ,

(5. 𝑎)

𝑏∈𝑠
𝑏𝑢𝑦
𝑥𝑏 𝑧𝑞

= 𝑥𝑠𝑠𝑒𝑙𝑙 𝑧𝜗 ,

(5. 𝑏)

𝑜𝑣𝑒𝑟 𝑧𝑞 , 𝑧𝜗 ∈ {0,1}, ∀𝑞, 𝜗 ∈ 𝑄.

Variable 𝑧𝑞 = 1 and 𝑧𝜗 = 1 if the pair 𝑞 successfully engages
in a transaction; otherwise, 𝑧𝑞 = 0 and 𝑧𝜗 = 0. Note that 𝑄 is
a set of buyers (sellers) who are willing to buy (sell) at price
higher (lower) than the transaction price. Constraint (5. 𝑎) is
the capacity condition where total amount data sold by seller 𝑠
does not exceed his/her supply. Constraint (5. 𝑏) assures seller
can at least meet buyer’s minimum demand when they are
matched.
First of all, trading in a highly dynamic environment and adhoc setting may result in some sellers not visible to other sellers
due to limited radio range. For example, in Figure 1 we have 3
sellers (A, B, and C) and 4 buyers (1,2,3,4), the DataMart at
each seller in this figure may be aware of a different set of
buyers or sellers. For example, DataMart app at seller A is
aware of buyers and sellers 〈1,2,3, A, B〉, while DataMart app
at seller B and C knows about 〈1,2,3, A, B, C〉 and 〈3,4, B, C〉,
respectively. Because sellers are aware of different sets of
buyers and sellers, there can be different sets of matched buyers
and sellers in auction outcome. Therefore, the matching
scheme for data trading must consider such possibilities.
Secondly, trading is conducted in a heterogeneous market.
Thus, the matching scheme must ensure that the matched
sellers must be able to meet their designated buyers’ demands.
To optimize trading utility in eq. (1), a seller will be matched
to multiple buyers if there is a sufficient supply. A later section
in this paper will discuss both scenarios of multiple sellers
serving a single as well as multiple buyers.
We resolve the matching problem in two phases. In phase I,
we formulate the problem to an ideal condition where a
complete information on market factors is available, and buyers
and sellers are only grouped in a single cluster. Then in phase
II, we utilize the insights from phase 1 to guide our design of
matching algorithm for such highly dynamic environment, adhoc setting, and heterogeneous market, where buyers and
sellers are grouped in multiple clusters and a cluster overlaps
with other clusters.

Algorithm 2: Matching Buyers and Sellers (𝐵𝑞 , 𝑆 𝑞 )
1.
2.
3.
4.
5.

𝑞

Sort 𝐵 according to buyer’s demand in descending order.
Sort 𝑆 𝑞 according to seller’s supply in descending order.
𝑠 ← 𝑚𝑎𝑥𝑆𝑢𝑝𝑝𝑙𝑦(𝑆 𝑞 )
for ∀𝑏 ∈ 𝐵𝑞 do
𝑏 ← 𝑚𝑎𝑥𝐷𝑒𝑚𝑎𝑛𝑑(𝐵𝑞 )
𝑏𝑢𝑦

6.
7.

If (𝑥𝑏 ≤ 𝑥𝑠𝑠𝑒𝑙𝑙 ) then
Match(𝑠, 𝑏).

8.

𝑥𝑠𝑠𝑒𝑙𝑙 = 𝑥𝑠𝑠𝑒𝑙𝑙 − 𝑥𝑏

𝑏𝑢𝑦

.

9.
Shift 𝑠 position in 𝑆 𝑞 according to new 𝑥𝑠𝑠𝑒𝑙𝑙 .
10.
𝑠 offers service to 𝑏.
11.
𝑠 ← 𝑚𝑎𝑥𝑆𝑢𝑝𝑝𝑙𝑦(𝑆 𝑞 ).
12. end for

Phase I. Under the assumption that complete information is
available, the matching algorithm is formulated as the
following: we first construct a directed bipartite graph 𝐺 =
(𝑉, 𝐸), where 𝐵𝑞 , 𝑆 𝑞 ∈ 𝑉, by connecting a seller 𝑠 ∈ 𝑆 𝑞 to a
seller 𝑏 ∈ 𝐵𝑞 with an edge (𝑠, 𝑏) ∈ 𝐸 if only they are
𝑏𝑢𝑦
connected through wireless radio and 𝑥𝑏 ≤ 𝑥𝑠𝑠𝑒𝑙𝑙 (if 𝑠 is able
to meet 𝑏‘s demand). We then add a source node 𝑟, and an
edge(𝑟, 𝑠) from 𝑟 to each 𝑠 ∈ 𝑆 𝑞 . After that, we add a sink
node 𝑡, and edge (𝑏, 𝑡) from each buyer 𝑏 ∈ 𝐵𝑞 to 𝑡. We give
each edge (𝑟, 𝑠) a capacity of 𝑥𝑠𝑠𝑒𝑙𝑙 , edge (𝑠, 𝑏) a capacity
𝑏𝑢𝑦
𝑏𝑢𝑦
𝑥𝑏 , and edge (𝑏, 𝑡) a capacity 𝑥𝑏 . Each capacity is subject
𝑏𝑢𝑦
to 𝑥𝑏 ≤ 𝑥𝑠𝑠𝑒𝑙𝑙 . In addition, the edges in 𝐺 are also subject to
conservation of flows where sum of flows entering a node in 𝐺
must equal to sum of flows exiting the same node, except for
the source and the sink nodes. Our objective is to maximize the
amount of data that can be transacted by finding the maximum
flow from source 𝑟 to sink 𝑡 in order to use the most of
available capacity [16, 17].
Phase II. There have been many proposals to solve
maximum flow problem [16, 17], but they may not work for
our problem due to the following reasons. First of all, only
partial information about the market is available because some
sellers may not be visible to other sellers due to limited radio
range. Secondly, there may be multiple clusters of buyers and
sellers overlapping with each other which increases matching
complexity. Thirdly, matching has to be completed quickly
before buyer-seller landscape changes again due to the highly
dynamic environment. Fourthly, levels of demand and supply
vary greatly in a heterogeneous market. For these reasons, we
propose a practical greedy solution, where matching is
accomplished in decentralized fashion.
In this phase, our matching scheme begins by solving a
single seller serving a single or multiple buyers. With bipartite
graph 𝐺 from phase 1 in mind, the scheme (Algorithm 2)
begins by sorting 𝐵𝑞 and 𝑆 𝑞 according to demand and supply
respectively in descending order (line 1 and 2). Then, 𝑠 is
paired with 𝑏 if 𝑠 can meet 𝑏‘s demand (line 6). For example,
seller that sells 10 MB will be matched buyer with demand for
9 MB, and seller with 53 MB will be matched with buyer with
a demand for 50 MB. If 𝑠 is paired to a buyer and 𝑠 still has
more data to sell, s’ position in 𝑆 𝑞 is adjusted to reflect the
change in s’ amount of supply, and 𝑠 begins to connect to 𝑏
(line 7-10).After matching is completed, a buyer may receive

multiple offers from multiple sellers because a buyer is in
multiple clusters; but this information is not available to sellers.
In this scenario, the buyer accepts the best offer (for e. g. the
lowest price) by responding with an acceptance message and
rejects the other offers with a decline message. This may result
in a seller not matched with any buyer. To resolve this, sellers
without a buyer adjust their respective 𝐵𝑞 and 𝑆 𝑞 by adjusting
sellers’ supply and removing buyers that are already engaged
in other transactions. This information is gathered by listening
to buyers’ broadcast acceptance (or decline) messages. With
updated 𝐵𝑞 and 𝑆 𝑞 , seller repeats algorithm 2. The algorithm
terminates when there is no more buyers in 𝐵𝑞 or when there is
no seller that can meet the demands of buyers in 𝐵𝑞 .
Multiple sellers to a single buyer. The matching scheme for a
single seller to multiple buyers can be extended to support
multiple sellers providing service to a single buyer. However,
this scenario may require coordination between multiple
sellers. For example, providing similar QoS level, or ensuring
that there is no seller dropout after being paired to a buyer.
However, coordination and synchronization efforts to support
multiple sellers to single buyer may not be efficient in this
highly adaptive environment and ad-hoc settings.
Waiting period. Typically, when a buyer or seller submits a
request to DataMart App for trading, the app will wait for some
time for other buyers or sellers to arrive. The question is how
long the wait should be. The duration of a wait period depends
on specific application scenarios. For example, subway trains
arrive every 2 minutes to pick up passengers during peak hours.
Thus, the waiting time is short (e.g., 15 sec). On the other hand,
the waiting time at a food court is usually longer because
people are expected to stay longer.
Benefits for Internet service providers (ISPs). Since ISPs are
responsible for the backbone network infrastructure, while
buyers may purchase data from sellers, buyers will still have to
rely on ISPs for the service. In other words, secondary data
market may not be possible without ISPs’ support. Thus,
secondary market should not only benefit users, it should also
benefit ISPs. A number of studies have demonstrated how
secondary data market can provide additional revenue to ISPs,
e.g. through revenue sharing with sellers from the reselling of
data [4], charging transmission fee based on the sold volume
[5], or by increasing the subscription fee of resellers [21].
However, the impact of secondary data market to ISPs is
beyond the scope of this paper.
Discussion. When a seller or a buyer departs before or during
the process of determining the price, they naturally will not be
considered for the next phase, i.e. matching. In the case of a
buyer leaving the trading location during or after the matching
procedure, he/she is considered to have rejected the seller’s
offer. If there are other available buyers within the seller’s
physical vicinity, the seller repeats algorithm 2 for another
round of matching. Next, we consider the case when a seller
leaves the scene during the matching procedure. Firstly, if a
buyer has received multiple offers including the offer from the
departed seller, then this buyer is not affected by the seller’s
departure. Secondly, if a buyer is only matched to the departed
seller, then this buyer will be considered in the next round of
matching by available sellers within his/her physical vicinity.

V. THEORETICAL ANALYSIS
We begin this section by presenting how our auction-based
pricing scheme guarantees that both buyer and seller are
truthful to their bid/ask prices, and the solution constitutes a
Nash equilibrium. Next, we prove that both the pricing and
matching algorithms achieve polynomial time.
Transaction price. The amount of money buyers and sellers
are willing to pay for (or sell) goods at is often a reflection of
the demand and supply dynamics in the market, which
ultimately and significantly influences transaction pricing.
Since our pricing scheme relies on buyers’ bid and sellers’ ask
prices to set the transaction price, we analyze buyers and sellers
to be truthful with their bid and ask price respectively in our
scheme.
Theorem 1. Any buyer 𝑏 is truthful to his/her bid price 𝑝𝑏𝑏𝑖𝑑 .
Proof. To prove buyers are truthful with their bid price, we
show that changing their bid price will not improve their
chance of being included in a transaction. Let us consider the
following cases.
Case 1 . Buyer 𝑏 is one of the buyers included in a sale
transaction and pay per unit price at 𝑝𝑎𝑢𝑐 , which is 𝑝𝑏𝑏𝑖𝑑 ≥
𝑝𝑎𝑢𝑐 . If 𝑏 increases his/her bid price to 𝑝′𝑏𝑖𝑑
> 𝑝𝑏𝑏𝑖𝑑 , buyer 𝑏
𝑏
is still trading and still ends up paying at price 𝑝𝑎𝑢𝑐 . Thus, there
is no benefit for 𝑏 to increase the bid price. Now, we consider
where 𝑏 decreases his/her bid price to 𝑝′𝑏𝑖𝑑
< 𝑝𝑏𝑏𝑖𝑑 . Notice that
𝑏
decreasing the bid price does not change the outcome because
𝑏 still pays the service at price 𝑝𝑎𝑢𝑐 . However, if 𝑏 decreases
his/her bid price to the point where 𝑏 is not included in a sale
transaction, then clearly the strategy does not help 𝑏. Hence,
increasing or decreasing the bid price does not justify
deviation.
Case 2. Buyer 𝑏 is one of the buyers not included in the sale
transaction and is not able to engage in the data trading. In this
case, 𝑏’s bid price is not high enough to win the auction, such
that, 𝑝𝑏𝑏𝑖𝑑 < 𝑝𝑎𝑢𝑐 . Expectedly, decreasing the bid price to
𝑝′𝑏𝑖𝑑
< 𝑝𝑏𝑏𝑖𝑑 will not change the outcome in which 𝑏 is still not
𝑏
included in a sale transaction. Similarly, if 𝑏 increases his/her
bid price to 𝑝′𝑏𝑖𝑑
> 𝑝𝑏𝑏𝑖𝑑 but is still not included in a sale
𝑏
transaction, then the outcome remains the same. However, the
incidence of 𝑏 increasing the bid price to 𝑝′𝑏𝑖𝑑
> 𝑝𝑏𝑏𝑖𝑑 to be
𝑏
𝑏𝑖𝑑
included in a sale transaction, where 𝑝′𝑏 is above what 𝑏
values is nonsensical because it is not logical for a buyer to pay
more than what he/she values the service for. Thus, we have
shown no buyer can improve his/her chance by bidding
untruthfully, which completes our proof. ■
Similarly, any seller 𝑠 is also truthful to his/her ask price 𝑝𝑠𝑎𝑠𝑘 .
The proof to this statement follows the same logic presented in
Theorem 1.
We have shown above that buyers and sellers are truthful to
their valuation. However, we further investigate the
truthfulness of their valuation by demonstrating that our pricing
scheme also achieves Nash equilibrium [13], which is only
achieved if only if buyers and sellers are truthful toward their
bid and ask price respectively.
Theorem 2. The auction-based algorithm achieves Nash
equilibrium.
Proof. Consider the profile of buyers’ bidding price in 𝐵,

𝑏𝑖𝑑
𝑏 ∗ = (𝑝1𝑏𝑖𝑑 , 𝑝2𝑏𝑖𝑑 , … , 𝑝|𝐵|
),

and the profile of sellers’ selling price in 𝑆,
𝑠𝑒𝑙𝑙
𝑠 ∗ = (𝑝1𝑠𝑒𝑙𝑙 , 𝑝2𝑠𝑒𝑙𝑙 , … , 𝑝|𝑆|
).
Since both buyers and sellers have nothing to gain by changing
their bidding and selling price respectively, as shown in
Theorem 1 and Theorem 2, thus their best strategy in winning
the auction is being truthful to his/her bidding and selling price.
Hence, 𝑏 ∗ and 𝑠 ∗ constitute a Nash equilibrium. ■
In order to facilitate successful transactions, buyers
involved in a sale must able to pay for the data that they
purchase.
Theorem 3 (Price feasibility). Buyers in 𝐵𝑞 are guaranteed to
be able to pay sellers in 𝑆 𝑞 .
Proof. We first assume that every buyer 𝑏 ∈ 𝐵𝑞 is able to pay
𝑏𝑢𝑦
the price 𝑝𝑏𝑏𝑖𝑑 that he/she proposes to purchase 𝑥𝑏 amount of
𝑏𝑖𝑑
data. From algorithm 1, the minimum per unit bid price 𝑝𝑚𝑖𝑛
𝑞
𝑎𝑢𝑐
of buyers in 𝐵 is at least 𝑝 , such that
𝑏𝑖𝑑
𝑝𝑚𝑖𝑛
= 𝑚𝑖𝑛(𝑝𝑏𝑏𝑖𝑑 | ∀𝑏 ∈ 𝐵𝑞 ) ≥ 𝑝𝑎𝑢𝑐 .

𝑠𝑒𝑙𝑙
Similarly, the maximum per unit ask price 𝑝𝑚𝑎𝑥
of sellers in
𝑞
𝑎𝑢𝑐
𝑆 is at most 𝑝 , such that
𝑎𝑠𝑘
𝑝𝑚𝑎𝑥
= 𝑚𝑎𝑥(𝑝𝑠𝑎𝑠𝑘 | ∀𝑠 ∈ 𝑆 𝑞 ) ≤ 𝑝𝑎𝑢𝑐 .
𝑏𝑖𝑑
𝑎𝑠𝑘 . Thus, for ∀𝑏 ∈ 𝐵 𝑞 , who can
Now, we have 𝑝𝑚𝑖𝑛
≥ 𝑝𝑎𝑢𝑐 ≥ 𝑝𝑚𝑎𝑥
𝑏𝑢𝑦
afford 𝑝𝑏𝑏𝑖𝑑 for 𝑥𝑏 , can certainly afford to pay the data at
𝑏𝑢𝑦
𝑎𝑠𝑘
𝑝𝑎𝑢𝑐 𝑥𝑏 , which implies the buyer can afford the data at 𝑝𝑚𝑎𝑥
𝑏𝑢𝑦
𝑥𝑏 too. This completes the proof. ■
Let 𝑝𝑆𝑎𝑠𝑘 denote a set ask price sorted in descending order
and 𝑝𝐵𝑏𝑖𝑑 be a set of bid price sorted in ascending order, where
𝐵 and 𝑆 are a set of buyers and sellers respectively. From eq. (3)
and eq. (4), we can observe that the transaction price lies at the
intersection point between a vector of bid price in 𝑝𝐵𝑏𝑖𝑑 and a
vector of ask price in 𝑝𝑆𝑎𝑠𝑘 , that is when the condition 𝑝𝑘𝑏𝑖𝑑 ≥
𝑝𝑘𝑎𝑠𝑘 is satisfied. Note this characteristic is similar to the
concept of market price, where the price lies at the point of
intersection between supply and demand [22]. Therefore, the
term of transaction price used in this paper can also be
interpreted as market price.

Matching Algorithm. Next, we evaluate the performance of
the proposed matching scheme. We show that our matching
scheme converges, and both matching and pricing scheme
achieve polynomial time.
Theorem 4. Algorithm 2 convergences.
Proof. Let 𝐵𝑇 and 𝑆 𝑇 be a set of buyers and sellers who are
engaged in transactions, such that 𝐵𝑇 ∈ 𝐵𝑞 and 𝑆 𝑇 ∈ 𝑆 𝑞 .
When a seller 𝑠 ’s offer of 𝑠 ∈ 𝐵𝑇 is accepted, algorithm 2
terminates. However, if 𝑠’s offer is turned down, then we have
𝐵𝑞 = 𝐵𝑞 − 𝐵𝑇 and 𝑆 𝑞 = 𝑆 𝑞 − 𝑆 𝑇 , which implies 𝐵𝑞 and 𝑆 𝑞
are decreasing. When 𝑠’s offer is continuously turned down,
the algorithm terminates when |𝐵𝑞 | = 0, which means there is
no more buyer in 𝐵𝑞 . This is because of the assumption that
winning buyers become unavailable when they receive and
accept an offer. Hence, |𝐵𝑞 | continues to decrease. Otherwise,
𝑠 has found a buyer. ■
Theorem 4 implies that the algorithm produces a stable
matching, which means no buyer (seller) may gain further

benefit with other seller (buyer) after matching completes and
the algorithm terminates [24]. Moreover, Theorem 4 also
demonstrates that deadlock is avoided when a buyer rejects
seller’s offer for data transaction, which results in breaking the
chain of buyer-seller matches.
Theorem 5. Our algorithms achieve polynomial time.
Proof. To prove our claim, we show that both Algorithm 1 and
Algorithm 2 achieve polynomial time. In Algorithm 1, the
amount of time required to sort a set of buyers 𝐵 and sellers 𝑆
is polynomial [17]. Then, time required to select buyers and
sellers from the sorted list and running time to compute 𝑝𝑎𝑢𝑐 is
bounded by 𝑂(|𝐵|) + 𝑂(|𝑆|) + 𝑂(𝑚𝑖𝑛(|𝐵|, |𝑆|)). Similarly,
sorting set 𝐵𝑞 and 𝑆 𝑞 is also polynomial [17]. The time
required to match sellers and buyers, and to adjust the position
of sellers that has been matched but has additional supply is
𝑂(|𝐵 𝑞 |𝑙𝑜𝑔(|𝑆 𝑞 |)). Hence, our proof is complete. ■
Theorem 5 also implies that determining a transaction price can
be achieved in polynomial time. This is because the price is
determined by comparing the 𝑘 𝑡ℎ ask price and bid price in set
𝑝𝑆𝑎𝑠𝑘 and 𝑝𝐵𝑏𝑖𝑑 respectively until it satisfies 𝑝𝑘𝑏𝑖𝑑 ≥ 𝑝𝑘𝑎𝑠𝑘 or 𝑘 =
min(|𝐵|, |𝑆|), for 𝑘 = 0, …, min(|𝐵|, |𝑆|), which is polynomial
time.
VI. EVALUATION
This section begins with our evaluation of whether
DataMart’s pricing scheme is consistent with the law of
demand and supply, such that price increases (decreases) when
demand is high (low). Further, we also evaluate the efficiency
of our matching scheme in meeting buyers’ demand.
(b)
(a)

Fig. 3. (a) CDF of buyer’s demand and seller’s offer from 100 real users [4].
(b) Daily median of amount of money that real users are willing to sell for
information data collected in their smartphone [12].
(a)

(b)

(c)

Fig. 4. Geographical cluster topology: (a) Clusters not connected (b) Flower
shape clusters (c) Chain shape clusters.

Our main results are summarized below:
1. The pricing scheme reflects the law of demand and supply
regardless of the number of buyers and sellers involved or
the number of clusters of buyers and sellers.
2. Transaction price converges asymptotically.
3. The buyer-seller matching scheme performs within 12% of
the optimal solution.
4. Our preliminary implementation of DataMart app on
Android platform demonstrates the feasibility of the
application in practice. We also observe that the total time to
complete both pricing and matching scheme with 4,000 users
(2,000 buyers and 2,000 sellers) takes only 139.88 ms.
Simulation Settings. To ensure a more realistic evaluation, we
utilize insights from these following studies. A study in [14]

discovers that human beings have the tendency to cluster;
geographical location and occasion may influence cluster
density (i.e. the number of users present within a cluster). For
example, there are more people clustering at a bus stop in the
morning to catch a bus ride to go to work. Further, we utilize
insights from data trace from [18, 19] for user proximity using
Bluetooth technology. We observe that clusters often overlap
with other clusters forming three geographical cluster topology
shapes: flower shape (figure 4.b), chain shape (figure 4.c), or
a combination of the flower and chain shapes. With these
geographical cluster patterns in mind, we attempt to address
question of how clustering dynamic between buyers and sellers
affect transaction price and matching scheme efficiency. In this
simulation, our pricing and matching schemes are evaluated
with up to 2000 users made up of 1000 prospective buyers and
1000 prospective sellers distributed over 5, 20, and 50 clusters.
Our evaluation primarily focuses on overlapping clusters. We
omit non-overlapping clusters because the behavior is similar
to highly overlapping clusters where users are within range of
one another.
Next, we discuss how market forces should be realistically
configured. For example, what would be the appropriate bid
and ask price, demand and supply, etc.? To address this
concern, we refer to the following literature. According to
twelve months of data in data usage in 2013 of 100 real mobile
users, a study in [4] discovers that there are more prospective
sellers than buyers in mobile data market (Figure 3.a). We note
that this condition may no longer be true when mobile data
trading becomes more common. Taking into account findings
from [4] into our consideration, we consider a range of
demand-supply case studies in our evaluation: (𝑖) when
demand exceeds supply, (𝑖𝑖) when supply exceeds demand,
and (𝑖𝑖𝑖) when there is approximately equal amount of demand
and supply.
Further, similar to the study in [5], each individual buyer’s
demand and seller’s supply is determined uniformly at random
between 10MB and 1G. For user’s bid or ask price, we learn
from a survey about how much users are willing to sell for
information collected in their smartphone [12]. The distribution
of users’ willingness to sell generally appears to be
approximately uniform, illustrated in Figure 3.b. Based on this
insight, bid and ask price are randomly assigned according to a
uniform distribution between 1 and 30 unit currencies.
Transaction Price. The evaluation of transaction price
volatility is conducted with three demand-supply case studies
as mentioned above. In case (𝑖), the number of potential buyers
goes up by 10 buyers each time, starting from 10 to 1000
buyers, while the number of potential sellers is fixed at 300. As
demonstrated in Figures 5.a, 5.b, and 5.c, the transaction price
rises as demand increases, i.e. as number of buyers goes up. In
case (𝑖𝑖), similar to the previous setup, the number of sellers is
increased from 10 to 1000 sellers progressively by 10 sellers
each time, while keeping the number of buyers fixed at 300. As
depicted in Figures 5.d, 5.e, and 5.f, transaction price decreases
as supply (number of sellers) increases. In case study (𝑖𝑖𝑖), the
number of both prospective buyers and sellers is increased from
10 to 1000 buyers and sellers simultaneously. Figures 5.g, 5.h,
and 5.i show that relative to the previous two scenarios, the
transaction price is more stable when the number of prospective
buyers and sellers is approximately equal.
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Fig. 5. Transaction price movement in three demand-supply case studies. Case
(𝑖): figure (a-c), case (𝑖𝑖): figure (d-f), and case (𝑖𝑖𝑖): figure (f-i). Y-axis
depicts transaction price.

These simulation outcomes confirm that our pricing
mechanism ensures that the transaction price changes
according to the law of demand and supply and real market
behavior. For example, case (𝑖) and (𝑖𝑖) demonstrate how the
level of demand/supply influences price movements, i.e. higher
demand results in higher pricing and higher supply results in
lower pricing. This outcome also assures us that users are
trading with an appropriate transaction price. From Figure 5 we
can observe that jitter begins to appear when the number of
clusters increa ses. To explain this phenomenon, we further
look into how pricing behaves in each cluster.
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To understand how cluster density may influence pricing
behavior, we conduct an experiment with 2,000 users (1,000
buyers and 1,000 sellers) in three and ten cluster scenarios
(Figure 6). We observe that price movements in the threecluster scenario asymptotically converge as the number of
users increases (Figure 6.a). In comparison, price movements
in the ten-cluster scenario are significantly more jittery and
exhibit slower convergence (Figure 6.b) relative to the price
movements in the earlier scenario. Figure 6.c shows that the
average transaction price of the three-cluster scenario
converges faster than the ten-cluster scenario. This behavior is
caused by how clusters are geographically positioned relative
to one another and how much these clusters overlap.
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Fig. 7. Matching efficiency of meeting buyers’ demand in three demand-supply
case studies. Case(𝑖): figure (a-c), case(𝑖𝑖): figure (d-f), and case(𝑖𝑖𝑖): figure
(f-i). Y-axis is the efficiency factor.

Clusters in the three-cluster scenario form the flower shape
like topology (Figure 4.b), where every cluster overlaps with
one another. The interconnectivity of the clusters means that
the pricing movement in one cluster directly influences the
pricing movement in the other two clusters, leading to quicker
convergences, especially when the overlapping area is larger.
In contrast, in the ten-cluster scenario, most of the clusters
overlap to form the chain shape like geography topology
(Figure 4.c), while some others remain stand-alone. In such a
cluster setting, the price movement from stand-alone clusters
behave independently, i.e. the pricing movement from nonoverlapping cluster located at one end of the chain topology
does not affect the price movement in the clusters at the other
end of the chain.
We observe clusters with a higher density tend to influence
the price movement of lower density overlapping clusters.
Secondly, the degree of influence is determined by the size of
the overlapping area between these clusters. In other words, a
lower density cluster tends to converge to the price of the
cluster with a higher density with which it has the largest
overlapping area. Hence, the price convergence speed among
overlapping clusters is determined by the price convergence
speed of the denser cluster.
In addition, price jitter is a byproduct of transaction price
adapting to the diverse and dynamic market forces until its
convergence. An important observation is that price fluctuation
is bounded and converges as clusters increase in density
(Figure 6.b and 6.c). With an increase in the number of users,
the price asymptotically converges regardless of the
geographical cluster topology.
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We utilize the same case studies and setup in our pricing
scheme to assess the matching scheme. Here, we investigate
how the dynamics of demand and supply impact the matching
scheme’s efficiency.
Case (𝑖): when demand exceeds supply. We observe that as the
number of clusters increases, matching efficiency slightly
decreases (Figure 7.a,b,c). This is expected because more
clusters mean more buyers are included in multiple clusters,
and at the same time more buyers hidden from sellers. With
only partial information available, a single buyer that belongs
to multiple clusters can be matched multiple times while the
hidden ones will be undetected, resulting in lower efficiency.
Naturally, we also observe that the matching scheme’s
efficiency improves in denser clusters.
Case (𝑖𝑖) : when supply exceeds demand. Our matching
scheme maintains a similar level of efficiency across varying
number of clusters (Figure 7.d,e,f). This is because a higher
number of sellers provides more matching options between
buyers and sellers, and sale offers to buyers, resulting in fewer
buyers undetected and more buyers receiving at least one offer.
In this experiment, we have confirmed the outcome presented
in [4] that higher supply achieves higher efficiency.
Case (𝑖𝑖𝑖) : when the level of demand and supply is
approximately equal. The essence is in the cluster density.
Matching efficiency declines even as the number of clusters
increases but cluster density is kept low. The matching
efficiency improves when clusters become more populated.
This is because denser clusters mean there is a bigger pool of
prospective buyers and sellers, which improves the likelihood
of buyers being matched with the right sellers.
In essence, three factors affect matching efficiency: cluster
density, number of clusters, and geographical topology. As
mentioned earlier, a higher cluster density leads to better
matching efficiency because there is more buyers and sellers to
be matched, as depicted in Figures 7.a, 7.d and 7.g. As for the
number of clusters, the more clusters there are, the
geographical area to be considered will be larger, for example,
people in a café versus people at a park. In our simulation, a
larger number of clusters demonstrate a tendency to form a
chain like geographical topology.
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10 Clusters

Matching buyers and sellers. Our performance metric is
efficiency factor as described below.
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Figure 10. Y-axis indicates the effectiveness factor (the ratio of total amount of
data sold over supply) with up to 2000 users (1000 buyers and 1000 sellers).

Therefore, the combination of these three factors lead to a
higher matching jitter (Figure 7) caused by hidden terminal
problem of buyers hidden from sellers, a similar condition
observed and discussed in pricing earlier. However, matching
jitter does not significantly affect the level of matching
efficiency. Finally, flower shape geographical topology
demonstrates better matching efficiency than chain shape
topology for similar reasons as explained in the pricing section.
Our matching scheme is designed to anticipate rapid changes
in buyers and sellers landscape, and to do that, the scheme uses
decentralized approach with partial information to solve the
buyer-seller matching problem. Our results show that it can
achieve comparable performance on average near to optimal.
The optimal solution is designed based on the centralized
matching mechanism proposed in [6] with the following
assumptions: it has a global view of buyers-sellers, every buyer
and seller is included in only one cluster resulting in a very high
probability of buyer’s demand being met by a seller, and
finally, complete information of buyers and sellers are known
ahead of time. The metric for comparison is the performance
factor, as described below:
𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 𝐹𝑎𝑐𝑡𝑜𝑟 =

𝑂𝑝𝑡𝑖𝑚𝑎𝑙 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 𝐹𝑎𝑐𝑡𝑜𝑟
𝑂𝑢𝑟 𝐷𝑒𝑐𝑒𝑛𝑡𝑟𝑎𝑙𝑖𝑧𝑒𝑑 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 𝐹𝑎𝑐𝑡𝑜𝑟

,

As demonstrated in Figure 8, our matching scheme trails the
optimal solution by only 0.83× in case (𝑖), 0.93× in case (𝑖𝑖),
and 0.88× in case (𝑖𝑖𝑖). In other words, our matching solution
is within 17%, 7%, and 12% of optimal solution in respective
cases, or on average within 12% of the optimal solution. In
summary, our scheme performs comparably well relative to the
optimal solution.
Next, we show the ratio of buyers and sellers, who are
willing to trade at the transaction price.
𝑅𝑎𝑡𝑖𝑜(𝑏𝑢𝑦𝑒𝑟, 𝑠𝑒𝑙𝑙𝑒𝑟) =

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑏𝑢𝑦𝑒𝑟𝑠
.
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑆𝑒𝑙𝑙𝑒𝑟𝑠

Our experiments demonstrate that regardless of the number of
clusters, there is a balance between the number of buyers and
the number of sellers (Figure 9). We also observe the presence
of jitter related to cluster geographical topology, which is a
reflection of a market reality of diverse buyers and sellers.
The following experiment evaluates whether DataMart can
effectively resell the data. To address this, we compare the total
amount of data successfully transacted over supply of data (the
total sum of data that is offered by sellers) by using the
following metrics performance.
𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒𝑛𝑒𝑠𝑠 𝐹𝑎𝑐𝑡𝑜𝑟 =

∑ 𝑑𝑎𝑡𝑎 𝑏𝑜𝑢𝑔ℎ𝑡(𝑏), ∀𝑏
,
∑ 𝑠𝑢𝑝𝑝𝑙𝑦(𝑠), ∀𝑠

where 𝑏 and 𝑠 denote buyer and seller respectively. The
effectiveness factor is equal to one when the entire supply is
sold, i.e. there is no more data left to be sold. As illustrated in
Figure 10, our solution achieves near 90% effectiveness with
10 and 20 clusters scenario. Our solution achieves within 80%85% effectiveness in 50 clusters scenario (Figure 10). Similar
to the previous discussion, the slight degradation in
effectiveness with larger network topology is caused by the
tendency of clusters forming a chain-like geographical
topology, which may lead to hidden terminal problem where
buyers are not visible to sellers.
Control overheads. DataMart may achieve lower computation
overhead compared to existing solutions [4, 5, 20] that require
global description of the overall network and market force. For
example, using the previous simulation setup of 50 clusters
with 2000 users, DataMart only need to consider an average of
40 users per cluster in the pricing scheme, while other solutions
must consider the entire 2000 users, a significantly higher
number than DataMart. Similarly, using the same setup,
DataMart only collects information of nodes that are within its
physical vicinity, which only requires a single hop of
forwarding information. In contrast, the other approach in [5]
may require multiple hops of forwarding information to collect
information of the entire network. This means DataMart also
achieves lower communication overhead.
Proof of concept (DataMart Prototype). To demonstrate that
our algorithms are realistic and practical, we implemented a
DataMart app prototype on Android platform. Our testbed
includes five Nexus 5 mobile devices powered by 2.25 GHz
quad-core with 2GB of RAM. DataMart app is implemented
with Android 6.0.1 and Bluetooth. Our implementation goes
through these phases: discovery phase, information broadcast
phase, pricing and matching phases, and transaction phase. In
the discovery phase, a group of neighboring smartphones
running DataMart app discover one another using message
broadcast through Bluetooth. Then, DataMart app in these
devices exchange messages by sending a tuple of
<User ID, User Status, Activity, Price, Data>.
User ID is the user identity, User status communicates whether
a user is a buyer or seller, Activity indicates whether users are
already engaged in transaction with other users, Price indicates
bid or ask price, and Data indicates the amount of data demand
(supply). This tuple is encapsulated in Bluetooth packets and
the information is extracted from packets upon reaching their
designated destination.

In the discovery phase, users (both buyers and sellers)
detect their neighbors by utilizing Bluetooth scan function in
their smartphones. Then, users exchange information through
broadcast. Based on information collected from the devices,
DataMart app on each device performs the pricing and
matching schemes. After that, each seller connects and opens a
socket to its respective buyer. Then, buyer accepts the request
for connection and responds accordingly, and this means the
transaction is underway: sellers present their offers to
respective buyers who will then decide to accept or reject.
# Users
Time(ms)

100
1.085

500
8.5

1000
27.19

2000
63.44

3000
100.17

4000
139.88

Table 1. Average completion time to complete pricing and matching schemes
in milliseconds (ms).

In our experiment, we observe that the time required to
complete the discovery phase varies between 2.3 and 3.7
seconds for physical distance ranging from 1 to 10 meters. The
time to compute transaction price and perform buyer-seller
matching is negligible (less than 1 ms). The time required to
establish connection (after a seller is paired to a buyer) in the
transaction phase is between 1 to 6.6 seconds. The time needed
to complete the discovery and transaction phases are also
affected by Android’s built-in functions of nodes discovery and
connection establishment, which may lead to performance
bottleneck. The efficiency of the pricing and matching phases,
on the other hand, are completely controlled by DataMart.
To further measure the performance of our pricing and
matching schemes, we utilize a large number of virtual
smartphones to simulate the pricing and matching phase in one
of the smartphones. Table 1 describes the average time required
to complete the pricing and matching phases given the number
of users, executing over 2,000 trials per scenario. The pricing
and matching mechanisms only take 139.88ms to complete,
with 4,000 users (2,000 buyers and 2,000 sellers with varying
levels of demand or supply). This result confirms that DataMart
effectively supports trading in highly dynamic environment
and ad-hoc setting.
VII. CONCLUSION
In this paper, we propose pricing and buyer-seller matching
mechanisms for secondary mobile data market in distributed
manner. The results from both our simulation and experiments
with DataMart prototype demonstrate that our solution is
effective and feasible in practice, as it takes into account the
complexities and dynamism of real market conditions. We
have shown that our pricing scheme is consistent with the
common law of demand and supply, and that our matching
solution performs near optimal on average.
As part of our future work, we will explore how a buyer may
choose to store the purchased data for future use (e.g. 5 hours
after completing the transaction). We will also investigate the
economic impact of future usage of the purchased through
secondary market of mobile data and its impact to network
congestion at the ISPs.
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