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Abstract Scientific communities will be more effective for society if scientists effectively divide their cognitive
labor. So one way to study how scientists divide their cognitive labor has become an important area of research in
science. This problem was firstly discovered and studied by Kitcher. Later on, Kleinberg and Oren pointed out that
the model proposed by Kitcher might not be realistic. We investigate the impact of the imprecise parameter in
project selection results. In this paper, we further our study on this issue. We study the policy of decision making
problem based on the modified division of cognitive labor model with the assumption that a scientist is aware of the
existence of the imprecise parameters and provide the detailed analytical results. And we provide a decision rule to
minimize the possible loss based on error probability estimation.
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1. Introduction
The best known approach for modeling congnitive
labor has been created by Philip Kitcher [1,2] and Michael
Strvens [3,4]. Kitcher proposed that the progress of science
will be optimized when there is an optimal distribution of
cognitive labor within the scientific community. However,
the main argument of the model proposed by Kitcher has
made many assumptions that might not be realistic.
The division of cognitive labor model is a procedure by
which scientists calculate their expected rewards. Scientists
calculate their marginal contribution to the probability of
the success of project and then uses this information to
estimate the expected reward and payoff. They assumed
that scientists are utility-maximizes, the division of
cognitive labor among a number of pre-defined projects,
(distribution assumption) every scientist knows the
distribution of cognitive labor before they choose what
project to work on and finally (success function assumption)
each project has a success function, and takes the units of
cognitive labor as input and the mainly objective is
probabilities of success of project.
Kitcher found that, when scientists made their decisions
out of their personal interests for awards, the result might
be even better than the pure one. Kitcher employed a
mathematical model to support his argument. We got a lot
of lessons from past experiences because the seemed
mostly unlikely projects (or theory) might be proved to be
the correct one in the end. Kitcher mentions in his work,
that when those high-minded goals are replaced by baser
motives such as thirst for fame, some scientists will

automatically choose the second project towards the
improvement of the total probability of success.
The main argument of division of cognitive labor model
is that the assumptions of the model are not realistic. In
division of cognitive labor model, Kitcher and Strevens used
a representative-agent approach that means they assumed that
every individual agent who is exactly the same situation as
all the others. In this research, we keep only the representative
agent approaches like Kitcher because we emphasize only
about success function assumption with parameter
inaccuracy. Like Gilbert said, we overrate or underrate the
odds that it will occur. And hence we overrate or
underrate the actual value of the gain [5]. He gave a lot of
examples to prove that there are errors at the odds and
value of gain when we decide what the right thing is to do.
In this paper, we introduce perturbation into the basic
model parameters and studied the policy decisions with its
impact on the original distributions. The theoretical and
experimental results demonstrate that, under the provided
conditions, the distributions are different from those
obtained in the ideal case.
The rest of the paper is organized as follows. In section
II, the related works are introduced. We study analytically
the policy decisions under the division model with imprecise
parameters and derive the close-form conditions in section
III. Section IV bestows some experimental results for a
number of cases. Finally, section V concludes the paper.

2. Related Works
In this section, we presents others work which is related
to this research. We examine and review some of the
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existing solutions on different aspects of division of
cognitive labor model in science. The idea of division of
cognitive labor model, due to Kitcher, is one of the most
striking features of modern social community.
However, in recent time there are many researches that
are pointing out the weakness of Kitchers model. There
are a large number of approaches for learning the structure
and community of social network. Nowadays, most of
young scientists and agents are facing with decision
problem. They choose a method or make a decision
according to their own past experience, and also following
their peer or neighbors. Bala and Goyal presented a very
general model in economic [6]. Langhe and Grieff studied
the division of cognitive labor in science [7]. They
generalized that Kitchers conclusion about the division of
cognitive labor in science is not robust against changes in
his single standard view to multiple standards.
In recent times, Jon Kleinberg and Sigal Oren proposed
an idea to improve the social optimum in scientific credit
allocation [8]. They adapted Kitcher model and showed
that the misallocating scientific credit mechanisms might
be a good way to obtain the social optimality. However, at
[8] they built the credit allocation model to choose one
among projects of varying levels of importance and
difficulty of projects.
The division of cognitive labor is one of the most
conspicuous model in modern social community. There
are a large number of approaches for learning the structure
and community of social network. The division of
cognitive labor model has also been argued by Weisberg
and Muldoon’s epistemic landscape approach [9] and
Zollman’s epistemic networks approach [10,11]. In [9],
they considered the original model in [1] is too ideal, e.g.,
all the agents know the distribution of cognitive labor at
all times and division of cognitive labor model is not
robust to change in the distribution assumption. They built
robustness model, where agents actually calculate their
marginal contributions to their project success using a
specific function.
In recent time, most of young scientists and agents are
facing with decision problem. They choose a method or
make a decision according to their own past experience,
and also following their peer or neighbors. Social network
community have been studied in a number of domains; in
economic, Bala and Goyal presented a very general model
[12] and also another class of approaches to simple model
of herd behavior, see work by [13,14]. They also study
social network community by following the basic model
of DeGroot [15] with the setting of individual agents are
connected in social network and update their beliefs
repeatedly taking into account the averaged weight of their
neighbors’ opinions can arrive a shared opinion [16,17,18].
We reviews some of the existing solutions and on
different aspects of analyzing theories developed by prior
studies in the area of social science, hhowever, they do not
provide any detailed theoretical analysis or remedy on the
impact of the variation on model parameters [19]. We
recently modeled the impact of imprecise parameters
theoretically and we provide detailed analytical results for
this issue [20].

7

The fundamental equation of division of cognitive labor
model built by Kitcher is as follows [1]:

pi =
(n) ρi (1 − e− kn )

In this equation, ρi and k are all parameters and k ≥ 0
is called the responsiveness. And assume that there are N
scientists (denoted by Si , i = 0,1,..., N ) working on M
projects (denoted by PJ i , i = 0,1,..., M . pi (n) represents
the probability of success when n scientists are working
on PJ i .
Each scientist is assumed to choose a project that
maximizes his/her probability of success. When a project
is successful, all scientists working on it would equally
share the credit. From the aspect of each scientist, the
principle of choice is assumed to be based on the reward
that he/she might receive, i.e., a scientist would choose a
project with the largest reward pi (ni ) / ni .
Kitcher provided analytical results in [1] for the basic
model. However, in reality, it is not possible that model
parameters are known precisely by each scientist. In this
paper, we only consider the case when the parameter ρi
deviates from its true value.
Although we conducted theoretical analysis on the
impact of imprecise parameters [13], we do not give the
right decision that a scientist should do in this situation. In
this paper, we would focus on the decision making issue
based on analytical models for some special cases.

3.1. One Scientist and Two Projects Case
For this case, the scientist is denoted by S1 and two
projects are denoted by PJ1 and PJ2. The general model in
Eq.1 can be rewritten as follows:

p1=
(1) ρ1 (1 − e− k )
p2=
(1) ρ 2 (1 − e− k )
In real applications, the estimated model parameters ρ̂1 ,
ρ̂ 2 might not be the true values. If we assume the
measured ρ 2 contains some perturbation, i.e., ρ̂1 = ρ1 ,
ρˆ=
2 ρ 2 + x where x is the added perturbation, and the
above equations can be rewritten as [13]

p1=
(1) ρ1 (1 − e− k )


p2 (1) = ( ρ 2 + x)(1 − e− k )
Naturally, the perturbation x would have great impact on


this model. When p2 (1) > p1 (1) , S1 will switch from PJ1
to PJ2 due to better estimated success probability. We use
Pe to represent this probability of error, which can be
denoted by the following equation:

Pe = P( PJ 1) ⋅ P( PJ 2 | PJ 1) + P( PJ 2) ⋅ P( PJ 1| PJ 2)
=P( PJ 1) ⋅ P( pˆ 2 (1) > pˆ1 (1)| PJ 1)
+ P( PJ 2) ⋅ P( pˆ1 (1) > pˆ 2 (1)| PJ 2)
It can be rewritten as:

3. Theoretical Analysis

(1)

=
Pe P( PJ 1) ⋅ P( x > ρ1 − ρ 2 |PJ 1)
+ P( PJ 2) ⋅ P( x < ρ1 − ρ 2 | PJ 2)
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It can be further rewritten as:

Pe = P( PJ 1) ⋅ ∫

+∞

∫

ρ1 − ρ2

f ( x)dx + P( PJ 2) ⋅
−∞
ρ1 − ρ2 1

f 2 ( x)dx

It can be seen that Pe is a function of ρ1 − ρ 2 . In order
to make the minimum probability of miscarriage justice,
the above formula does derivation on ρ1 − ρ 2 as:

∂Pe
=
− P ( PJ 1) f1 ( ρ1 − ρ 2 ) + P ( PJ 2) f 2 ( ρ1 − ρ 2 ) .
∂ ( ρ1 − ρ 2 )
So that the value of the derivative to zero, we obtain:

P( PJ 1) f 2 ( ρ1 − ρ 2 )
=
P( PJ 2) f1 ( ρ1 − ρ 2 )
Without

generality,

we

ρ1 > ρ 2

assume

and

f1 ( x) = f 2 ( x) . The scientist would choose a project with
much larger reward. If the scientist would choose project
PJ 1, the probability of error is written as:
+∞

∫ρ1− ρ2 f ( x)dx

Pe1 = P( pˆ 2 (1) > pˆ1 (1) = P( x > ρ1 − ρ 2 ) =

Otherwise, when the scientist would choose project 2,
the probability of error is:
ρ1 − ρ2

∫−∞

Pe 2 = P( pˆ1 (1) > pˆ 2 (1)) = P( x < ρ1 − ρ 2 ) =

f ( x)dx

If random variable x follows the uniform distribution,
i.e.,

1
f ( x)
( a ≤ x ≤ b)
=
b−a

=
Pe 2

+∞

+∞

p1=
(2) ρ1 (1 − e−2k ) / 2
The aggregate probability of success is:

=
pa ρ1 (1 − e−2k )
For the case with parameter perturbations, the estimated
success probability is as follows:

pˆ1=
(2) ρ1 (1 − e−2k ) / 2

ρ1 − ρ2

ρ1 − ρ2

=
pa ρ1 (1 − e−2k )

1

f ( x)dx ∫
dx
∫=
ρ1 − ρ2
ρ1 − ρ2 b − a
f ( x)dx ∫
∫=
−∞
−∞

f ( x) =

1
dx
b−a

1
2πδ

e

( x − µ )2 /(2δ 2 )

+∞

Obviously, the parameter perturbations would not have
impact on estimated success probability and the aggregate
probability of success.
(2) If the distribution <0,2> holds, the success
probability or reward of scientists S1 and S2 working on
project PJ2 is written respectively as:

p2=
(2) ρ 2 (1 − e−2k ) / 2
The aggregate probability of success is:

=
pa ρ 2 (1 − e−2k )
The estimated success probability due to parameter
perturbations is written as:

pˆ 2 (2) = ( ρ 2 + x)(1 − e−2k ) / 2

We obtain:

The aggregate probability of success is:
+∞

=
Pe1

f ( x)dx ∫
∫=
ρ1 − ρ2
ρ1 − ρ2

=
Pe 2

1 2
f ( x)dx
∫=
−∞

For this case, two scientists are denoted by S1 and S2;
two projects are denoted by PJ1 and PJ2, respectively. The
distribution between scientists and projects could be <2,
0>, <0, 2> and <1, 1> three cases. Without parameter
perturbations, S1 and S2 would not both choose PJ2, i.e.,
the stable distribution cannot be < 0, 2 > for the case
ρ1 > ρ 2 .
Next, we would do analysis from the two aspects of
personal and social with parameter perturbations. Without
generality, we assume the measured ρ 2 contains some
perturbation, i.e., ρ̂1 = ρ1 , ρˆ=
2 ρ 2 + x where x is the
added perturbation.
(1) If the distribution is <2, 0>, the success probability
or reward of scientists S1 and S2 working on project PJ1
is written respectively as:

The aggregate probability of success is:

(1) If ρ1 -ρ 2 ≤ (a + b) / 2 , Pe1 ≥ Pe 2 would hold. The
scientist would choose project 2 due to better estimated
success probability.
(2) If ρ1 -ρ 2 > (a + b) / 2 , Pe1 < Pe 2 would hold. The
scientist would choose project 1 to get much more reward
or success probability.
If random variable x follows the normal distribution,
i.e.,

ρ −ρ

3.2. Two Scientists and Two Projects Case

pˆ 2 (2) = ( ρ 2 + x)(1 − e−0k ) / 2 = 0

We obtain:

Pe1
=

(2) If ρ1 -ρ 2 > µ , Pe1 < Pe 2 would hold. The scientist
would choose project 1 to get much more reward or
success probability.

ρ1 − ρ2

∫−∞

1
2πδ
1
2πδ

e

( x − µ )2 /(2δ 2 )

dx

2
2
e( x − µ ) /(2δ ) dx

(1) If ρ1 -ρ 2 ≤ µ , we have Pe1 ≥ Pe 2 . In this case, the
scientist would choose project 2 to work due to better
estimated success probability.

pa = ( ρ 2 + x)(1 − e−2k )
(3) If the distribution is <1,1>, the success probabilities
of scientist S1 working on project PJ1 and scientist S2
working on project PJ2 are written respectively as:

p1=
(1) ρ1 (1 − e− k )
p2=
(1) ρ 2 (1 − e− k )
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The aggregate probability of success is:

f ( x) =

pa = ρ1 (1 − e− k ) + ρ 2 (1 − e− k )
With parameter perturbations, the corresponding
estimated probability of success are as follows:

pˆ1=
(1) ρ1 (1 − e− k )
pˆ 2 (1) = ( ρ 2 + x)(1 − e− k )
The aggregate probability of success is:

pa = ρ1 (1 − e− k ) + ( ρ 2 + x)(1 − e− k )
In general, we assume ρ1 > ρ 2 and the scientist S1
would choose one project to work firstly. If the scientist
S1 chooses the project PJ1, the scientist S2 would choose
the project PJ1 or the project PJ2. The error probability of
the scientist S2 choosing the project PJ1 or the project PJ2
is computed respectively by:
∧

∧

−k
Pe1 = P( p2 (1) > p1 (2)) = P( x > ρ（
1 1 + e ) / 2 − ρ2 )

=∫

+∞

f ( x)dx

−k
ρ（
1 1+ e )/2 − ρ2
∧

∧

(

)

Pe 2 = P( p1 (2) > p2 (1)) = P( x < ρ1 1 + e− k / 2 − ρ 2 )
=∫

(

)

ρ1 1+ e− k /2 − ρ2

−∞

f ( x)dx

If random variable x follows the uniform distribution,
i.e.,

f ( x)
=

1
( a ≤ x ≤ b)
b−a

We obtain:
(1) If ρ1 (1 + e− k ) / 2 − ρ 2 ≥ (a + b) / 2 , we obtain
Pe1 ≤ Pe 2 . For this case, the scientist S2 would choose
project PJ1 to work due to better success probability or
reward. And the aggregate probability of success is:
−2 k
p=
)
a1 ρ1 (1 − e

(2) If ρ1 (1 + e− k ) / 2 − ρ 2 < (a + b) / 2 , Pe1 > Pe 2 would
hold. The scientist S2 would choose project PJ2 to work
on. The aggregate probability of success is:

9

1
2πδ

2
2
e( x − µ ) /(2δ )

Similarly, we obtain:
If ρ1 (1 + e− k ) / 2 − ρ 2 ≥ µ , the inequality Pe1 ≤ Pe 2
would hold. The scientist S2 would choose project PJ1
due to better personal reward.
If ρ1 (1 + e− k ) / 2 − ρ 2 < µ , Pe1 > Pe 2 holds. S2 will
make a choice on PJ2. If S2 would choose PJ1 due to
better success probability, while making the distribution
<2,0>
be
the
co-distribution,
the
inequality

x ≤ ρ1e− k − ρ 2 should hold.
From the above analysis, we know that when the
perturbation item x would meet certain conditions both
the personal and social better success probability could be
satisfied.

3.3. One Scientist and M Projects Case
Without generality, let we assume the probabilities of
success for M projects satisfy p1 > p2 > p3 > ... > pM . S1
will choose PJ1 with the highest probability of success. If
pi (i > 1) contains perturbation item x , S1 will make the
choice according to the following computation.

Pej =P( PJj | PJ 1) =P( P( PJj ) > P( PJ 1)) j =1, 2, 3,..., M
The scientist S1 would choose project j only if Pej is
much smaller than others.

4. Simulation
We study the policy decision based on the modified
division of cognitive labor model with the detailed
simulation results. We would like to provide the
probability of error when the scientist S2 chooses the
projects with the assumption of parameter inaccuracy at
the projects’ probability of success. In this simulation
experiment, the parameter values are as follows:

=
=
ρ1 0.9,=
ρ 2 0.5,
k 0.4 and the parameter inaccuracy
x is set in random value between 0 and 1.

pa 2 = ρ1 (1 − e− k ) + ( ρ 2 + x)(1 − e− k )
Next, it is also meaningful to study from the social
aspect, i.e., if the scientist S2 would choose one of project
to work on due to his/her better personal reward or success
probability, is it the CO-distribution? For the distribution
<2, 0>, only if pa1 ≥ pa 2 , it is the CO-distribution. When

pa1 ≥ pa 2 ， x ≤ ρ1e− k − ρ 2 should hold. And the random
variable x follows the uniform distribution, i.e., a ≤ x ≤ b .
Hence, the inequality a < ρ1e− k − ρ 2 ≤ b should hold.
Considering the inequality ρ1 (1 + e − k ) / 2 − ρ 2 ≥ ( a + b) / 2 ,
the scientist S2 would make the choice for the benefit of
both personal and social interests.
If random variable x follows the normal distribution, i.e.,

Figure 1. The error probability of the scientist S2 choosing the projects
if x follows the uniform distribution

Figure 1 shows the probability of error according to the
scientist S2 choice. When the scientist S1 is working in
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project PJ1, there are 2 ways to choose for scientist S2; he
would follow <1,1> or <2,0> distribution. According to
the result showing in Fig. 1, there would be only too small
error probability if scientist2 chooses the project PJ2.

project (2010ZK3061), Central Universities Fundamental
Research Funds for the project (2012QNZT063).
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