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Abstract: Scientific crowdsourcing, which can effectively obtain wisdom from solvers, has become
a new type of open innovation to address worldwide scientific and research problems. In the
crowdsourcing process, the initiator should satisfy his own research needs by selecting a proper solver
from the crowd, and the solver must have multiple competitions in order to obtain scientific research
tasks from the initiator. The participants in the scientific crowdsourcing are based on the knowledge
flow to realize the value added of knowledge. This paper discusses a few factors, including knowledge
utility, knowledge transfer cost, knowledge distance, and knowledge trading cost, which all affect the
solvers to achieve game equilibrium and win tasks in scientific crowdsourcing. By referring to the
concept of Hotelling model, this paper constructs a game model with the solvers as the participants,
and analyses solvers’ behaviours in scientific crowdsourcing and their profit impacts by each of
the key elements. The results show that from a crowdsourcing solver’s point of view, increasing
knowledge utility, controlling knowledge transfer cost, shortening knowledge distance to the initiator,
and leveraging with a knowledge trading cost are four effective approaches to wining the competition
of a scientific crowdsourcing task. The research conclusions provide a theoretical basis and practice
guidance for crowdsourcing solvers to participate in scientific crowdsourcing from the perspective of
the knowledge flow process.

Keywords: scientific crowdsourcing; game model; knowledge flow; equilibrium

1. Introduction

As initiated by Jeff Howe [1], crowdsourcing, a type of “open innovation,” refers to an effort
to leverage the expertise of a global pool of individuals and organizations, to as quickly and cost
effectively as possible develop and implement creative solutions to innovation challenges. Across the
world, previous studies on crowdsourcing have mainly focused on one or several of the following:
collaboration with the crowd [2], ideal implementation impacted by crowd experience [3], making
use of crowdsourcing to create new products, collecting distributed data, solving problems more
effectively [4,5], improving organizational decision making [6], or improving organizational openness
to external new knowledge [7,8]. In particular, in terms of evaluating the importance of crowdsourcing
for organizational learning, it is considered to be a “new, exciting direction of research” [9–11].
Nowadays, in order to improve organizations’ innovation abilities, some scholars [12–14] started
to investigate the knowledge flow process in scientific crowdsourcing. Crowdsourcing, from the
relationship between the initiator and the solver, is only a process of issuing tasks and completing
tasks, and this is essentially a process of knowledge flow. Only by realizing the flow of knowledge can
the crowdsourcing relationship become sustainable.

To the author’s knowledge, the current primary domain of research has not touched the base of
the equilibrium for scientific crowdsourcing solution solvers, especially in a quantitative approach
when participating in scientific crowdsourcing activities. In the process of scientific crowdsourcing,
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the initiator has the resources and funds, while the solver has the creativity and technology. Both parties
need to work together to improve the quality of knowledge transfer and make maximum profit. On the
one hand, when knowledge flows from solver to initiator, the initiator gets a benefit while there are
costs to the solver; on the other hand, once the solve wins scientific crowdsourcing tasks, profit will be
achieved. Thus, it is very important to understand the balance of knowledge flow and profit. That way,
the knowledge flow decision-making behaviour of the crowdsourcing subjects can be understood as
the process of a game between the initiator and the solver [15]. This study used the Hotelling game
model to study scientific crowdsourcing activities’ equilibrium, which is basically a Nash Equilibrium,
and used the mechanism with two crowdsourcing solvers. More specifically, this paper constructs a
game model to investigate how solvers participate in the competition to win the task, from a knowledge
flow perspective. This paper aims to:

1. Introduce the game model into the scientific crowdsourcing equilibrium decision process and
analyse solvers’ behaviours;

2. Simulate a knowledge flow process based on scientific crowdsourcing with four key elements,
which are knowledge utility, knowledge transfer cost, knowledge distance, and knowledge
trading cost;

3. Analyse how these key elements affect a solver’s profit in the scientific crowdsourcing process.

The rest of the paper is organized as follows: recent literature is reviewed in Section 2. Model
assumptions, notation, and formulations are developed in Sections 3 and 4. Numerical simulations
and discussions are presented in Section 5. Finally, some conclusive remarks are provided in Section 6.

2. Literature Review

Scientific crowdsourcing is a new type of research cooperation mode. Initiators, who are usually
research institutions or scientists, aim to scientifically discover and solve the challenges of technology.
The rise of scientific crowdsourcing is based on two key elements: Internet as a platform [16] and
knowledge as a flowing medium [17], which means, that knowledge flows from crowdsourcing solver
to crowdsourcing initiator in a solid transferring process via the Internet. In the scientific crowdsourcing
process, knowledge, the only good to sell and purchase between solver and initiator, can bring monetary
reward to the solver and knowledge utility to initiator, while a crowdsourcing solver is strongly driven
by either monetary incentive or nonmonetary gain, or both. As for nonmonetary gain [18], it mainly
includes social recognition, self-esteem, new knowledge acquisition, individual skill development, etc.
From the focal firm’s point of view, gaining knowledge from an individual or organization is one of
the most important motivations [19].

In scientific crowdsourcing activities, the knowledge flow process can be described as the exchange
and utilization of knowledge, which often needs to be integrated through external collaborations [20].
Knowledge integration is critical to the competitiveness and the survival of a firm, especially for an
emerging market [21]. On the Innocentive website, one of the largest crowdsourcing platforms for
innovation problems, enterprises post challenging tasks, which are usually new product development
or new technique-related, in the form of scientific crowdsourcing [22]. According to the research
of Malhotra et al. [23], it is easier to create a smooth knowledge flow process for an internal crowd
than external crowd participants. Wang et al. [24] analysed knowledge transfer decision-making
behaviour for the initiator and solver in scientific crowdsourcing. Fang et al. [25] made use of
crowdsourcing to resolve unlabelled data for modelling creation. An organizational network’s
information transformation, R&D collaboration, and a firm’s acquisition of knowledge flow play
key roles that ensure technological innovation. It is obvious that firms can obtain knowledge
utility, including solutions, ideas, data, experience, information, etc., during scientific crowdsourcing.
Xue et al. [26] have shown that in the knowledge transfer process, the knowledge collaboration effect,
knowledge transfer cost, and knowledge transfer potential are three key factors impacting knowledge
transfer behaviour.
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According to Albors et al. [27], crowdsourcing enables the diffusion of learning and access to
knowledge; it is usually determined by the processes of solver’s knowledge dissemination and the
initiator’s knowledge absorption, including knowledge identification, assimilation, internalization,
and application [28]. Since different organizations have knowledge that is not easily transmitted
across boundaries, previous researches found that articulated and codified knowledge can improve
crowdsourcing effectiveness [29,30]. Naidorf [31] found that knowledge mobilization, which includes
push and pull of knowledge between individuals and groups for mutual benefit, is a way of making
knowledge useful and increasing the value of knowledge’s utility. Furthermore, knowledge’s intrinsic
characterizations, such as knowledge property, level of abstraction, tacit knowledge, etc. have great
impacts on the success of the knowledge flow process [32,33]. Despite benefits from an external
organization, the technique or knowledge transfer process generates a non-negligible cost, particularly
in complex technological knowledge transfer [34]. Chen [35] introduces the notion of “distance of
knowledge” to a simply three-dimensional model, which includes knowledge coding, abstraction
extent, and the buyer’s knowledge base. The “knowledge distance” would determine knowledge
transfer cost and the deal be made when the buyer and seller reach to the shortest “knowledge
distance.” Capaldo et al. [36] think there are two kinds of knowledge distance, technological distance
and geographical distance, which have opposite effect on value contribution. Piazza et al. [12]
found that knowledge distances between initiators and solvers tend to act as complements in specific
governance structure decisions. Galati et al. [37] developed an innovative model for knowledge
transfer, including key factors like partners’ knowledge similarities, etc. In our research, we use
knowledge distance instead of knowledge similarities. A shorter knowledge distance means more
knowledge similarities between the initiator and the solver.

In crowdsourcing, the motivation for participants varies a lot for different solvers. Some
solvers are purely monetary motivated, and some others desire to obtain new knowledge or
accumulate experience [38], and the achievements of new knowledge acquisition are very attractive
to solvers. However, in order to motivate solvers intrinsically and/or extrinsically, to attract more
effort from the solvers, crowdsourcing initiators could share some of their knowledge, such as
experience, methods, techniques, information, etc., to external individuals or organizations, or even
competitors, which may cause ineffective IP management [39]. Such knowledge spill-over from
scientific crowdsourcing initiators may weaken their competitive and innovative capabilities [40].
In the research of Jiang et al. [41], regarding knowledge leakage, there is a “U-shaped pattern” in
the knowledge flow within a competitive alliance. It is not unusual that solvers’ motivations are
nonmonetary incentives, such as knowledge spill-over from the initiator, to improve their own
knowledge structures and innovative abilities.

Furthermore, due to the global Internet’s development, scientific crowdsourcing tends to become a
worldwide activity, which draws attention from multinational crowdsourcing solvers. The cross-country
trading cost could be a very important factor during the internationalization of the knowledge flow
process [42]. According to Cassiman et al. [43], there are three types of cost affecting the inbound and
outbound knowledge flow, including cognitive cost, transactional cost, and organizational cost. During
scientific crowdsourcing’s knowledge flow, it is clearly necessary to consider the imperfections of
external costs, such as tariffs on trade, restrictions on the flow of capital, information cost, multinational
organization cost, etc. Our research takes knowledge trading cost as of one the key elements in the
knowledge flow of scientific crowdsourcing.

The above studies were mainly focused on the characterization of scientific crowdsourcing
and the knowledge flow process, crowdsourcing solvers’ participation motivations, and different
applications for scientific crowdsourcing. Although there are some researchers qualitatively studying
knowledge flow in the scientific crowdsourcing process, it is rare to see quantitative analyses in such a
domain. This paper builds an equilibrium analysis based on game model and quantitatively evaluate
solvers’ knowledge characteristics and behaviour by four key elements, which are knowledge utility,
knowledge transfer cost, knowledge distance, and knowledge trading cost in scientific crowdsourcing.
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The main contribution of this paper should be practical enlightenment for understanding the scientific
crowdsourcing process.

3. Assumptions and Notation

This part focuses on assumptions and notations of the knowledge flow process in scientific
crowdsourcing. Based on this paper’s research interest, it is necessary to analyse how these key
elements, including knowledge utility, knowledge transfer cost, knowledge distance, and knowledge
trading cost impact the final profits for both crowdsourcing solvers.

In the paper, we consider two different crowdsourcing solvers and one crowdsourcing initiator.
Specifically, the crowdsourcing task is knowledge transfer between solvers and initiator. The two
solvers, who are assumed monetary motivated, try to compete to win the task and maximize each profit
by transferring their knowledge to the crowdsourcing initiator. The monetarily motivated solvers will
make decisions based on profit they can get from scientific crowdsourcing, while our research will
explore the nonmonetary impact on a solver’s profit, so that we can provide some guidance beyond
monetary considerations.

In the paper, it is assumed the two crowdsourcing solvers have different knowledge bases to
the crowdsourcing initiator. Here, knowledge utilities are denoted by gA and gB and are defined as
nonmonetary gain for solver A and solver B. Obviously, if gA = gB, it means that both the crowdsourcing
solvers transfer the same knowledge utility. And if gi > gj, it implies that the ith solver transferred
the superior knowledge to the initiator. We assume that the knowledge is perfectly perceived by the
crowdsourcing initiator.

The other dimension to consider is crowdsourcing solvers’ knowledge distance to the initiator.
Similar knowledge types and characterizations between solvers and initiators means small knowledge
distance. To interpret it otherwise, knowledge distance implies the distribution of crowdsourcing
initiator’s preference for these two solvers in a linear knowledge space. The reason that the Hotelling
game model was selected in this paper is that the Hotelling model is a classical and simplified
space competition model, which has been already applied in many other domains, such as regional
economics [44], industry economics [45], political elections [46], etc. In the knowledge space this paper
raises, the distance between initiator and solver just fits the Hotelling game model. It is assumed that
the knowledge length of solvers is at unity and each of them are located at the opposite end points;
in particular, solver A is located at x = 0 and solver B is located at x = 1.

The crowdsourcing initiator’s preference is assumed to be uniformly distributed over the length
of the knowledge space. Then, the initiator at knowledge space x faces a knowledge transfer cost of
c × x when he absorbs knowledge from solver A, and c × (1 − x) when absorbs knowledge from solver
B. Therefore, c > 0 is the transfer cost per unit knowledge distance. It is further assumed that the
knowledge brings the initiator the largest utility, which is derived by gross utility minus the transfer
cost c*xi and knowledge spill-over loss si.

Based on above assumptions and notation, the solver’s game model for knowledge flow in
scientific crowdsourcing is shown in Figure 1. In this model, solver A and solver B are located at (0,0)
and (1,0) accordingly, and the initiator’s knowledge location is (x,0). The linear segment represents
their knowledge space. During the scientific crowdsourcing knowledge flow process, the direction of
knowledge utility flow is from solver to initiator, while the knowledge spill-over flow is in the reverse
direction, which is from initiator to solver. The knowledge transfer cost, which is determined by unit
transfer cost and the knowledge distance x, is also a key factor in the model. In reality, considering
the solver’s continuous learning ability, which leads to shorter knowledge distance from the initiator,
this paper also analysed the profit impact when solvers’ knowledge distance changed to new locations
(pA,0) and (pB,0).

We should also be aware that the model proposed in this paper is only applicable for two solvers
to participate in crowdsource research activities, which is another assumption in the research. Future
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research could explore other good approaches to model more than two solvers’ equilibriums in
scientific crowdsourcing.

As of now, in order to have good model understanding, it is necessary to summarize all parameters
in a table which will be used in next sections, as shown in Table 1.J. Open Innov. Technol. Mark. Complex. 2019, 5, x FOR PEER REVIEW 5 of 14 
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Table 1. Model parameter notation.

Parameter Description

U0 Maximum willingness for crowdsourcing initiator to pay
gi Solver i’s knowledge utility obtained by initiator
ci Solver i’s unit knowledge transfer cost
x Initial knowledge distance between solver and initiator
t Knowledge trading cost
h Knowledge production cost
si Initiator’s knowledge spill-over absorbed by solver i
µi Solver i’s knowledge transfer cost coefficient
pi Solver i’s new knowledge location to initiator
πi Solver i’s knowledge profit

4. Model Formulation

4.1. The Solver’s Game Model under the Knowledge Flow in Scientific Crowdsourcing

When a crowdsourcing initiator chooses a solver to start the knowledge transfer, the knowledge
flow process will include both knowledge utility, which is from solver to initiator, and knowledge
spill-over, which is from initiator to solver.

From the initiator’s point of view, the following indirect utility expressions will be compared:

U =

{
U0 + gA − sA − cAx if transferring from solver A
U0 + gB − sB − cB(1− x) if transferring from solver B

(1)

where U0 > 0 is the maximum willingness for a crowdsourcing initiator to pay and U0 is assumed to
be high enough to fully cover the knowledge transfer cost.

Somewhere along the knowledge distance’s interval, a location x0 exists, such that the
crowdsourcing initiator faces indifference between choosing either solver’s knowledge. The location
x0 is obtained by equating the indirect utilities above. Therefore, the knowledge transfer demands for
solver A and solver B are, respectively:

xA = x0 =
cB + gA − gB − sA + sB

cA + cB
; (2)

xB = 1− x0 =
cA − gA + gB + sA − sB

cA + cB
, (3)
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It is interesting to note that increasing solver A’s knowledge utility gA will increase solver A’s
knowledge transfer demand, while it decreases the knowledge transfer demand for solver B. Since si is
the initiator’s knowledge spill-over loss, it is also considered the solver’s knowledge spill-over gain.
Each solver’s knowledge profit function is defined as:

πi = (si − h) xi (i = A, B), (4)

where h stands for knowledge producing cost. To maximize profit, we assume that each solver will
simultaneously decide knowledge spill-over. Based on Equation (4), for solvers A and B, the solution
∂πi/∂si = 0 yields the following equilibrium spill-over gain result:

sA = h +
cA + 2cB + gA − gB

3
; (5)

sB = h +
2cA + cB − gA + gB

3
. (6)

The ith solver spill-over gain is higher when ith solver knowledge utility is higher, while it will be
lower when jth solver knowledge utility is higher.

With Equations (2), (3), (5) and (6), knowledge transfer demand can be derived as follows:

xA =
cA + 2cB + gA − gB

3(cA + cB)
; (7)

xB =
2cA + cB − (gA − gB)

3(cA + cB)
. (8)

With Equations (5)–(8), profits under separation are as follows:

πA =
(cA + 2cB + gA − gB)

2

9(cA + cB)
; (9)

πB =
(2cA + cB − gA + gB)

2

9(cA + cB)
. (10)

The profit expressions from Equations (9) and (10) indicate that each solver’s profit is basically
related to the both solvers’ knowledge utilities. The ith solver profit will increase when ith solver’s
knowledge utility increases, while the ith solver’s profit will reduce when jth solver’s knowledge
utility increases. As a consequence, the competence level is clearly shown here between two
crowdsourcing solvers.

Based on above modelling and discussion, the following proposition was derived.

Proposition 1. A crowdsourcing solver’s knowledge utility has a positive impact on self-profit, while it has
negative impact on their competitor’s profit.

In scientific crowdsourcing activities, both solvers are in competition mode, and each solver’s
target is to have higher expected payoff than the other. The profit gap ∆πA for solver A is calculated by
πA − πB. Based on Equations (9) and (10), ∆πA is calculated as follows:

∆πA = πA −πB =
(cA + 2cB + gA − gB)

2

9(cA + cB)
−
(2cA + cB − gA + gB)

2

9(cA + cB)
. (11)
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The above Equation (11) can be solved and simplified as follows:

∆πA =
2(gA − gB) − (cA − cB)

3
. (12)

From solver A’s point of view, in order to win the crowdsourcing task competition with solver B,
it requires him to have higher expected profit, which means that ∆πA > 0. From Equation (12), it is
necessary to satisfy following inequality:

gA − gB >
cA − cB

2
(13)

Similarly, the inequality formula can also be derived for solver B.
From Equation (13), this inequality formula indicates that, in order to have higher expectation

of profit in crowdsourcing task competition, solver i should make the gap of knowledge utility be
larger than the half of the knowledge transfer cost gap, compared with solver j. In other words,
from crowdsourcing initiator’s point of view, the best choice is to select solver who has lower transfer
cost and higher knowledge utility, which, in practical terms, usually means that solver needs to
improve his knowledge value, e.g., the quality of solutions, ideas, data, experience, information, etc.,
and optimize his internal operation process to achieve lower knowledge transfer cost.

The above result can be written formally.

Proposition 2. In order to gain higher profit than a competitor and eventually win a task from by crowdsourcing
initiator, a crowdsourcing solver should make sure the gap of knowledge utility is larger than the half gap of the
knowledge transfer cost.

4.2. What is the Impact from Knowledge Distance between Solver and Initiator?

In reality, solvers usually have an internal learning process during the crowdsourcing activity,
so that both of them can dynamically update related knowledge distance to each other. As mentioned,
it is a competition process when both solvers participate in crowdsourcing task. This subsection
investigates the impact of solvers’ knowledge distance in crowdsourcing activity, which is how solvers
come out with the best profit and equilibrium when both solvers’ related knowledge distance changes.

For a knowledge space interval, it is assumed that both solvers’ knowledge transfer costs are the
same, and that each solver’s knowledge has changed to location pA and pB, both of which are still
within range of 0–1, as shown in Figure 1. In addition, pA and pB locate at two sides of x0 accordingly,
and pA is at the left side of pB; that means the inequation 0 < pA < x0 < pB < 1. The knowledge distance
between crowdsourcing initiator, who is at knowledge location x, and solvers are respectively derived
as x − pA and pB − x. Along this line of consideration, the knowledge transfer cost is c*(x − pA) when
the initiator absorbs knowledge from solver A and c*(pB − x) when absorbs knowledge from solver B.

Consequently, the updated indirect utility expressions are as follows:

U =

{
U0 + gA − sA − c(x− pA) if transferring from solver A
U0 + gB − sB − c(pB − x) if transferring from solver B

(14)

The knowledge transfer demand, knowledge spill-over and profit are derived as below:

xA =
[gA − gB + (1 + pA)c + (1 + pB)c]

6c
; (15)

xB =
[gB − gA + (2− pA)c + (2− pB)c]

6c
; (16)
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sA =
1
3
[gA − gB + (1 + pA)c + (1 + pB)c] + h; (17)

sB =
1
3
[gB − gA + (2− pA)c + (2− pB)c] + h; (18)

πA =
[gA − gB + (1 + pA)c + (1 + pB)c]

2

18c
; (19)

πB =
[gB − gA + (2− pA)c + (2− pB)c]

2

18c
. (20)

From Equation (19), solver A’s profit is positively impacted by the values of pA and pB. With the
definition of pA and pB and based on the research model in Figure 1, an increasing pA value means
shortening the knowledge distance between solver A and the initiator, while increasing the pB value
means adding knowledge distance between solver B and the initiator. In a similar observation from
Equation (20), solver B’s profit is negatively impacted by the values of pA and pB. A decreasing pA
value means adding knowledge distance between solver A and initiator, while a decreasing pB value
means shortening the knowledge distance between solver B and the initiator.

To sum up, when solver i’s location is closer to initiator’s knowledge location, solver i’s profit will
increase, and when solver i’s location is farther to initiator’s knowledge location, solver i’s profit will
decrease. The practical implication is that in crowdsourcing, the faster learner could potentially be the
better solver, and thus gain more profit than other competitors.

Hence, Proposition 3 is written down below.

Proposition 3. Knowledge distance between the solver and initiator has a meaningful impact on crowdsourcing
profit. A smaller knowledge distance would come with higher profit expectations for the solver.

4.3. What Is the Solver’s Game Equilibrium When Considering Knowledge Flow across Countries?

Let us consider the situation that there are two scientific crowdsourcing solvers and one of them
is in different country to the initiator. Assume solver A is a local participant, the same nationality as
the initiator, and solver B is a foreign participant. Furthermore, assume that there is a trading cost
(t) to be incurred when knowledge flows between the initiator and the foreign solver. Obviously, if t
= 0, the distinction between foreign and local solver becomes blurred, and in that case the model in
Section 4.1 is still valid. With t > 0, the utility function can be rewritten as follows:

U =

{
U0 + gA − sA − cx if transferring from solver A
U0 + gB − sB − c(1− x) − t if transferring from solver B

(21)

By using the same calculation method in Section 4.1, the knowledge transfer demand and profit
can be derived as follows:

xA =
1
6c
(3c + gA − gB + t); (22)

xB =
1
6c
(3c− gA + gB − t); (23)

sA =
gA − gB + t

3
+ c + h; (24)

sB =
gB − gA − t

3
+ c + h; (25)
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πA =
(3c + gA − gB + t)2

18c
; (26)

πB =
(3c− gA + gB − t)2

18c
. (27)

By comparing Equations (26) and (27), the payoffs gap ∆π is calculated as follows:

∆π = πA −πB =
2
3
(gA − gB + t). (28)

For solver A, in order to win competition, the ∆π should be larger than 0, as shown follows:

t > gB − gA. (29)

Similarly, the inequality formula can also be derived for solver B.
From Equation (29), when the trading cost t is larger than gj − gi, the crowdsourcing solver i will

always expect to get higher profit than foreign solver j, even if solver i’s knowledge utility is less than
solver j’s. In this case, trading cost t is leveraging on the competition. It can be formally written down
as follows:

Proposition 4. Given a positive trading cost, even if the local crowdsourcing solver has lower knowledge utility
than the foreign solver, the local solver will still win the competition if the trading cost is sufficiently large.

5. Numerical Simulation and Discussion

In the following sections, some numerical simulation examples, with presumptions of some
parameters’ values, are presented to analyse key factors influencing knowledge flows in scientific
crowdsourcing and the solver’s equilibrium. The factors presented here are knowledge utility gi,
knowledge transfer cost ui*c, knowledge distance pi, and knowledge trading cost t.

5.1. Knowledge Utility and Transfer Cost

As a number of the aforementioned studies illustrated that nonmonetary factors, such as utility from
new knowledge learning, are some of the key motivations for crowdsourcing a solver’s participation.
In order to explore the impact of knowledge utility on a crowdsourcing solver’s utility, it is natural to
analyse a basic model with the assumption of cA = cB = 1. The numerical simulation for both solvers’
profits versus their knowledge utilities are shown in Figure 2.
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The simulation results clearly show the competition status between two solvers during the
crowdsourcing knowledge flow process. Basically, the profit of solver i will increase when i’s



J. Open Innov. Technol. Mark. Complex. 2019, 5, 89 10 of 14

knowledge utility increases, while the profit of solver i will decrease when the competitor, solver j’s
knowledge utility increases. For solver i, the most profitable point appears when solver i has the largest
knowledge utility while solver j has the smallest knowledge utility. That result indicates that, in the
scientific crowdsourcing knowledge flow process, improving nonmonetary gain, such as knowledge
utility in this paper, will eventually increase profit to the crowdsourcing solver when competing with
others. That way, besides monetary incentives, crowdsourcing solvers should also pay more attention
on nonmonetary incentives, such as learning more knowledge, developing new skills, etc., when
participating in scientific crowdsourcing. Those nonmonetary elements are eventually important for
the crowdsourcing solvers to gain high profits.

In terms of knowledge transfer cost versus solver profit, in our simulation analyses, it was assumed
that gA was equal to gB, and the basic unit transfer cost c = 1.0.

The simulation results are shown in Figure 3, with two scenarios to calculate solver A’s profit:

1. Assume solver B’s unit cost coefficient µB equals 1. The solver A’s profit will change from 4/9 to
1/2, which is about a +12.5% profit increase when solver A’s unit cost coefficient changes from 0
to 1.

2. When fixing solver A’s unit cost coefficient µA to 1 and changing solver B’s unit cost coefficient
µB from 0 to 1, solver A’s profit will change from 1/9 to 1/2, which is a 450% profit increase.

Figure 3. (a) Solver-A’s profit versus knowledge utility; (b) solver-B’s profit versus knowledge utility.

From crowdsourcing solver A’s perspective, scenario 2 gets much more profit gain than scenario 1.
On the one hand, solver í’s profit would increase a little when i’s unit transfer cost increases. This can
be explained by the fact that, as unit transfer cost increases, the knowledge spill-over would increase
more compared with the decreasing demand, so that profit would increase a little bit eventually. On the
other hand, solver i’s profit is more impacted by solver j’s unit transfer cost, not solver i’s own unit
transfer cost. This is an interesting result, as in a knowledge flow process, a crowdsourcing solver
should be a good cost controller, not because of the impact to his/her own profit, but because a higher
cost would provide more profit potential to his/her competitor in the same field.

5.2. Knowledge Distance

In this section, a simulation of profit impacted by knowledge distance between initiator and solver
is presented. We assumed a knowledge transfer cost c = 1, and both solvers had same knowledge
utility, which means gA = gB. In order to examine the impact of each solver’s knowledge distance
to the initiator, it was necessary to fix the other solver’s knowledge distance during the simulation.
For solver A’s profit simulation, it was assumed that solver B’s knowledge distance pB = 1, and when
simulating solver B’s profit, it was assumed that solver A’s knowledge distance pA = 1. The simulation
result are shown in Figure 4.

In the model, solver A is located on left side of initiator in knowledge space and solver B is on right
side. The simulation result indicates that both solvers should move closer to initiator, which would
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mean the knowledge distance becomes smaller between the solver and initiator, such that more profit
would be gained.

Each solver’s knowledge distance has more practical implications, as the dynamic characterizations
of knowledge learning when participating crowdsourcing activity, or even when preparing for
crowdsourcing before real activity starts. In order to win a crowdsourcing task and gain more
profit, solvers should pay attention to analysing the initiator’s knowledge structure, knowledge type,
knowledge terminology, etc. This effort will bring about a shorter knowledge distance and a closer
relationship between the crowdsourcing initiator and solver.
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5.3. Knowledge Trading Cost

As technology and the Internet development, in order to collaborate on scientific research to
solve problems, it is more common to see worldwide participants join in on scientific crowdsourcing
activities; the local initiator finds a path to leverage to equilibrium. Based on Equations (26) and (27),
in order to consider trading cost t in game model, let us assume the knowledge transfer cost c = 1,
and delta-g, which is gA − gB, means knowledge utility gap between initiator A (local participant) and
initiator B (foreign participant).

In order to assess the knowledge trading cost effect, the simulation was performed with knowledge
utility gap delta-g, trading cost t, and profit π. The result are shown in Figure 5.
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From the simulation result, knowledge trading cost has a significant impact on the profit of
both solvers. Considering the same knowledge utility between local solver A and foreign solver B,
when trading cost increases, the local solver’s profit increases about 78% and the foreign solver’s profit
decreases about 55%. The knowledge trading cost, which is usually in the form of tax across countries,
plays a critical role in leveraging the profits between a local solver and foreign solver.
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Although a local crowdsourcing solver would have a natural trading cost advantage when
competing with foreign solver, effort should still be made to increase knowledge utility, since even
when there is positive trading cost, a foreign solver could still have higher profit than a local solver if
the gap of knowledge utility is big enough.

6. Conclusions

This paper investigates the solver’s equilibrium when participating in a scientific crowdsourcing
knowledge flow process, and employs a game model to simulate two crowdsourcing solvers’ knowledge
transferring and equilibrium to gain maximum profit. By studying knowledge utility, knowledge
transfer cost, knowledge distance, and trading cost, the research findings provide important managerial
implications for crowdsourcing solvers and initiators:

1. Crowdsourcing solvers should pay more attention to nonmonetary elements when participating in
scientific crowdsourcing, such as acquiring more knowledge, developing new skills, accumulating
experience, etc. By improving those nonmonetary elements, solvers should strengthen
competitiveness to win crowdsourcing tasks and gain high profits eventually.

2. A crowdsourcing initiator tends to select the solver who has good cost control in the knowledge
flow process. The initiator tries to use a transparent crowdsourcing platform to make it easier to
select a solver with lower knowledge transfer cost, so that the relationship between initiator and
solver is in active iteration game mode. This will provide fewer opportunities to solvers with
higher transfer knowledge costs to gain higher profits.

3. Crowdsourcing solvers should try their best to shorten knowledge distances to initiators. It is
better for crowdsourcing solvers to investigate an initiator’s knowledge structure, knowledge
type, knowledge terminology, etc., before starting to participate in the scientific crowdsourcing
knowledge flow process.

4. The knowledge trading cost generated during scientific crowdsourcing will have impact on a
solver’s competitiveness. Due to a lower knowledge trading cost, a local crowdsourcing solver
has natural advantage compared with a foreign crowdsourcing solver. However, knowledge
trading cost is not omnipotent for competition. In order to keep the advantage, the local solver
still needs make the effort to keep improving knowledge utility, or at least shorten the gap of
knowledge utility compared to the foreign solver.

Although the conclusions obtained by using the game model in this research present important
practical guidance for crowdsourcing solvers, we are fully aware that our study is not free of its
limitations. For instance, the game model in this paper is a kind of static model for solvers; it is not
suitable for dynamic situations, such as the cases where a solver’s knowledge utility is changed, or the
knowledge distance between solver and initiator is changed. It is very interesting to employ a dynamic
game model to analyse the equilibriums of solvers in scientific crowdsourcing. Furthermore, if there
are two or more initiators, from the crowdsourcing solver point of view, what are the criteria to make
judgements to select the best initiator, and how should one engage in the cooperation? These are all
very interesting research topics and are worth being further studied in the future.
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