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Abstract

Workforce management has long been an integral part of operational efforts aimed at maximizing
revenues. The recent literature in this area has recognized the positive impact of social ties on
workforce productivity, motivating new re-formulations of conventional operations research problems
to more explicitly consider team building. This paper inspects a different – negative – aspect of social
tie formation. Indeed, such ties may enable the spread of negligent or corrupt behavior, presenting
a hindrance to the productivity of larger businesses with limited capacity for workforce monitoring.
Through model-based analyses, this paper quantitatively establishes the benefits of workforce rotation
as a means to curb corruption, and presents rigorous investigations into rotation policy-making. To
this end, the Link Based Corruption (LBC) model is introduced. The modeled agents are assumed to
be embedded into a directed peer-to-peer monitoring network; e.g., employees working on the same
task or in the same room can be viewed as being supervisors of each other. Corruption is taken to be a
threat whenever an agent and their supervisor(s) are all corruption-prone (ready to go corrupt); once
they identify each other as such, which takes time, a productivity loss takes place. Under the LBC
model, this paper addresses the policy-maker’s problem of fixing the agent monitoring structure and
timing the workforce rotation so as to minimize the expected long-time loss. The impact of the LBC
model parameters – the fraction of corruption-prone agents in the workforce, productivity rate, costs,
rate of corrupt link formation, etc. – on the choice of an optimal policy is quantitatively assessed. It
is also shown that the problem of inferring the LBC model parameters in real-world settings can be
addressed by “feeling the system”, i.e., observing what financial outputs a given business generates
when operating under different policy settings.

Keywords: corruption, workforce management, social network analysis, rotation policy.

1 Introduction

The research of operations targeting profit maximization encompasses an array of modeling and opti-

mization efforts. To ensure lower operating costs and higher productivity outputs, a variety of quan-

titatively justified strategies have been developed to optimally manage inventory, schedule and price

products, optimally locate facilities and improve supply chain operations [41, 49, 53]. Many efforts in

this domain also recognize the social and behavioral aspects of profit maximization, and formulate the

problems that fall under the broad umbrella of workforce management [16, 29, 51].

Much of workforce management literature has focused on the assignment and scheduling of employees

– optimally allocating their time/effort, – individually or in teams. Team formation problems in partic-
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ular have received attention from the operations research community over the past years [14, 23, 26, 59].

Here, the most recent research recognizes that the productivity of a team is influenced by the social

ties between its members [5]: this observation has opened the door to exploring new challenges and

opportunities in mathematical modeling [20, 21, 61].

This paper draws the attention of the research community to a previously unexplored – negative

– aspect of social tie formation. Indeed, social ties may facilitate the adoption/spread of negligent,

corrupt, and other malignant behaviors leading to reduced productivity across the workforce. This

paper quantifies the expected losses due to such behaviors, and analyzes workforce management policies,

in particular workforce rotation policies, as a means to curb these losses. The presented analysis takes

into account the characteristics of the workforce population, costs of implementing the rotations, as well

as other key variables. Henceforth, the behavior leading to the damaging effect enabled by workplace

social ties is termed “corrupt” behavior, where corruption is defined as any “behavior or activity that

deviates from formal duty for private gain”. Experts from the Association of Certified Fraud Examiners

estimate that an average organization loses 5% of its revenue to corrupt behavior of its own workforce.

The corrupt behavior can present itself, e.g., in the form of theft, sloppy performance, sabotage, tardiness

and/or absenteeism [44].

This paper presents a model that quantitatively captures the loss in productivity due to the emer-

gence of corrupt behavior among workforce agents. It is assumed that the workforce under consideration

has a sizable fraction of the agents that are “honest”, i.e., those not willing to engage in corrupt be-

havior and striving to eliminate it in others. Specifically, we posit that in the presence of peer-to-peer

monitoring – via supervisory ties/links, – corruption is necessarily a joint venture, i.e., the one where

corrupt agents must collude in order to go unnoticed. This phenomenon, i.e., the activity pattern where

corrupt individuals indulge in collusion (cover each other’s back) to the detriment of their common

cause, is henceforth referred to as Link Based Corruption (LBC).

The peer-to-peer reporting structure in an organization that aims to fight LBC in its circles is

modeled as a social network. The structure of this directed-link network, defining the embeddedness

of each agent into their respective ego-network, is controlled by the organization’s management – the

decision-maker. It is of interest to the decision-maker to find a policy that prescribes how often, if at

all, the agents should be moved to new network positions so as to limit LBC (refer Figure 1). This

paper shows how the LBC model-based developments lead to a formal analytical approach to hamper

corruption by limiting the probability of the formation of corrupt links through workforce rotation

(scheduled relocation of worker(s)/supervisor(s) to different network positions).

The impact of the model parameters (proportion of corruption-prone agents in the network, normal

productivity rate, costs, etc.) on the choice of an optimal policy is analyzed thereafter, and several pat-

2



(a) t = 0 (b) After certain time (c) Upon Rotation

Figure 1: Illustration of LBC and the effect of Rotation: workers 1, 2 and 3 are corruption-prone, while workers
4, 5 and 6 are incorruptible (honest) - (a, b): corruption-prone worker 2 reports to corruption-prone supervisor 1, a bond
develops between them, and under the supervisor’s “protection”, worker 2 begins to hurt the organization financially; (c):
a scheduled rotation effectively stops the revenue loss, re-sets the network structure and restarts the formation of bonds.

terns and insights are revealed, describing which policy is most profitable for different model parameter

combinations. Moreover, in order to make the presented approach useful in real-world settings, where

these parameters may not be known, the paper addresses the problem of learning them by “feeling the

system”, i.e., observing what financial outputs an organization generates when operating under different

policy settings. It is shown that after a small number of policy-varying experiments, the organization

can infer the hidden parameters, and then, deduce an optimal policy to limit LBC.

The remainder of this paper is organized as follows. The relevant literature is presented in Section 2.

Section 3 begins with the basic assumptions and definitions and explains the logic behind the presented

model of corruption emergence. It proceeds with the detailed treatment of several supervisory structure-

based scenarios, and in each scenario, evaluates the expected revenue generated per agent. Section

4 formulates and solves the problem of optimizing the rotation timing for each of the scenarios by

maximizing the expected revenue generated per agent per unit time. Section 5 provides the analysis of

the impact of the model parameters (proportion of malignant agents in the network, productivity rate,

costs, etc.) on the choice of an optimal policy, and discusses the gained insights. Section 6 presents

a framework to infer LBC model parameters from observations, and tests it in a set of computational

experiments. Section 7 assesses the performance of the developed inference algorithms by conducting

sensitivity analyses. The findings and ideas for future research are summarized in Section 8.

2 Review of Relevant Literature

This section presents the relevant literature from the areas of research that influenced this paper. First,

we briefly overview the workforce management literature in general that aims at helping operations

managers maximize revenues by taking optimal decisions regarding the workforce. Second, we turn to

the operations research works on various aspects of team formation and scheduling. Third, we survey
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the literature on corruption, paying particular attention to the previously proposed models and ways

to curb corruption, thus setting the stage for the developments in the present paper.

Typically, decision-makers of the past had a tendency to focus on the operational aspects of running

business to find ways to cut costs and increase revenues. However, it was soon recognized that workforce

management decisions, encompassing resource utilization, planning and control, have a direct impact

on the business processes and output [30, 36]. Indeed, given that modern businesses expend much effort

in hiring and training their employees, it makes sense to also invest effort into making sure that these

resources are used properly and realize their potential. To manage workforce, scheduling techniques

have been developed, with many algorithms designed to optimize cyclic schedules [2, 3] as well as

schedules recognizing the differences between weekdays and weekends [31]. Separately, domain-specific

scheduling problems have been addressed, e.g., at call centers [9, 25] and hospitals [39, 50, 58]. See

Ernst et al., [18], for a more comprehensive overview of the literature on staff scheduling; also, see the

literature on flexible workforce management [17, 55, 56]. In all those efforts, staff or part-time workers

are scheduled/assigned to tasks optimally so as to maximize the total productivity. Note, however, that

the use of operations management techniques does not always lead to an improved performance, as the

workforce could oppose certain policies depending both on the nature of tasks assigned and their own

motivation, which, as suggested by Boudreau et al., calls for a new research into unifying the operations

management and human resource management fields, in particular by incorporating social aspects into

conventional operations research problem formulations [12].

The challenge of assembling successful and productive teams can be addressed by formulating a

problem of grouping employees, i.e., assigning them to (sub)sets, to optimize a given objective [60]. This

“Team Formation Problem” (TFP) has received attention from the operations research community over

the past years [14, 23, 26, 59]. In the early TFP formulations, the social aspects of team performance

have been neglected, in part due to technical challenges [61]. However, after the recent empirical studies

showcased the significance of the impact of social ties on team performance [1, 4, 40], the first works on

TFP with social ties appeared [28, 35]. In particular, emphasizing the fact that homophily and network

constraints are crucial for defining best team compositions [48], new frameworks were developed for

building teams with desirable structures of social ties within them [20, 21].

Since this paper focuses on malignant effects of social processes, we turn to the literature on corrupt

behavior and ways to mitigate it. Few social and economic analyses of corruption have been performed

with the use of mathematical models. Among such models, most notable is the principal-agent model,

where one person (the “principal”) is assumed to be able to make decisions that impact, or are done on

behalf of, another person (the “agent”); in this setting, corrupt behavior emerges because the principal

can be motivated to act in their own best interests rather than those of the agent [6, 8, 33, 45–47, 54].
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Game-theoretic approaches have also been used to explain the motivation behind bribery [7, 34, 38].

Despite the fact that corruption presents an economic and societal problem, few actionable solutions

besides punishment have been proposed to hamper it. Most models to date have searched for ways to

mitigate corruption by imposing stringent penalties for such acts, increasing the probability of detecting

corruption/bribery, and at the same time, reducing the scope of gains from corruption. Yet, despite such

anti-corruption measures, corruption has a high tendency of persisting [32]. Other types of interventions

– those pursuing the same objectives in a different way – have been attempted more recently: they rely

on social marketing to raise the awareness of the repercussions/costs of corruption to a country or

organization [10]. Note that such interventions call for the attention and support of “honest citizens”;

importantly, they assume that such citizens exist. Meanwhile, in the business world, it is known that

whenever a corrupt act of the employees leaks to the public, then the organization’s net worth drops

[37]. This implies that the employees who care about their company are motivated to subdue corruption

to guarantee themselves a brighter future in competitive, free economy markets [42].

Looking into the research on the effects of work monitoring, it is well established that supervision

and work effort correlate [24]. A field experiment, conducted by Boly [11], revealed that monitoring

significantly increased work effort. Fisman and Miguel present a real life example where the introduction

of a new legislation led to the decrease in the number of parking violations among the United Nations

diplomats [22]. Dickens et al., [15], report that monitoring of employees is effective for reducing theft.

Pierce et al., [43], argue that employee misconduct is not solely a function of individual differences in

ethics or morality, but can also be influenced by managerial policies that can benefit both firms and

employees. Falk and Kosfeld [19], however, also indicate that supervision leads to a certain loss in

productivity, termed the hidden cost of supervision; the LBC model presented in this paper takes such

cost into account. Note finally, that some research also points at the potential negative impacts of

enforced monitoring, as increased supervision could make honest workers question the company’s trust

in them [24]; this paper assumes that monitoring is voluntary, and thus, its effect is generally positive.

Finally, from the modeling and optimization perspective, this paper uses the methods related to the

literature on policy-making in stochastic environments. In particular, our developments are in line with

the works on inventory management where the demand is stochastic and the decision-maker compares

inventory management policies in different forms and/or different parameter settings [13, 27, 52, 57]; in

a similar manner, we identify workforce monitoring/rotation policies to minimize productivity loss.
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3 Description and Analysis of the LBC Model

This section develops a parametric model that captures how corruption can emerge in a community

of connected agents. In the assumed model setting, the agents take on the roles of “supervisors”

and “workers”. Here, “supervision” does not necessarily imply “reporting”; instead, this designation

indicates who is monitoring whom: e.g., employees working on the same task or in the same room

can monitor each other’s work progress, and thus, can be viewed as being supervisors of each other.

Generally, each agent may serve in multiple supervisor/worker roles simultaneously – with respect to

different peers. The model terms, parameters and assumptions are discussed first, followed by the

treatment of several scenarios, where the number of supervisors per worker is varied.

We view the workforce as a socially linked community, where all the employees are represented

by the nodes, and a directed link connects two nodes whenever one is supervised by (i.e., monitored

by, or is reporting to) the other. The structure of the directed links describes all the agent-to-agent

relationships, thereafter referred to as worker-supervisor pairs. In a typical modern organization, many

workers report to few managers who in turn report to their departmental heads who report to the CEO,

etc. Observe that everyone in such an organization except the head of the organization has at least

one supervisor. More generally, it can be assumed that any employee can supervise zero, one or more

others, and in turn, be supervised by another employee, or employees, including the situation where

multiple employees are all supervising each other (i.e., working as a team on the same task(s)). All

such cases can be expressed through the respective positioning of the directed links with respect to each

other. For example, a link from agent A to agent B represents a worker-supervisor pair where B is a

“supervisor”, while a link from B to C has the same agent B as a “worker”.

Suppose the head of an organization takes a responsibility to create the reporting structure among

the employees such that the expected revenue generated per worker is maximized. Assume that each

employee in the organization is labeled as either incorruptible or corruption-prone; it is assumed that

an incorruptible employee can never become corruption-prone, while a corruption-prone employee will

seek for opportunities to commit corruption (i.e., to pocket the organization’s money or resources

towards personal gain) under any circumstance. While the corruption-defining labels are hidden from

the decision-maker (organization head), assume that a reliable estimate is available for the probability

p that a random employee is corruption-prone. In other words, p is the fraction of that employees in

the organization that the management anticipates to be corruption-prone; this anticipated value may

depend on the people’s culture, societal factors, demographics, quality of life, etc.

In the presented setting, assume that each incorruptible worker will generate the revenue $r per unit

time, whether they are reporting to anyone or not. At the same time, an unsupervised corruption-prone
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worker will generate zero revenue. Note that $r can alternatively be viewed as the maximum amount an

employee can pocket per unit time without raising any suspicion from the co-workers or management.

Further, it is assumed that if corruption-prone workers are supervised, then corruption can only

occur by agreement between multiple corruption-prone employees. More specifically, when an employee

and all their supervisors are corruption-prone, and once they identify each other as such, then corruption

is committed by the worker – who is now screened from the incorruptible agents but the corrupt agent(s),

– with the amount $r per unit time split between the worker and their supervisor(s). The time for a

pair of corruption-prone agents to “bond” before they can engage into a corrupt activity in an organized

way is assumed exponential with parameter λ : this time is spent as these agents “feel out” each other;

bonding can only occur between corruption-prone agents. Naturally, whenever an agent is moved, i.e.,

placed in a new position with new supervisors, bonding with those new supervisors has to begin from

scratch, securing more of corruption-free time for the organization.

It is worthwhile to discuss the justification for the assumption of the exponential bonding time. We

argue that in order for bonding to occur between two corruption-prone agents, they need to engage in a

private conversation where both feel comfortable to start speaking unfavorably about “company policies”

and expressing a desire to “get back at them”. Agreement between corruption-prone workers can be

sparked by any one of many little things – a conversation where they critique a boss, discuss imbalance

in overtime hours, inequality in salaries, etc. While many opportunities might present themselves

where the circumstances are “right” for such a dialog – e.g., on trips, at lunchtime, at congregations,

social get-togethers, after-work hangouts, etc., – the probability that the dialog will take place at any

particular event can be assumed very small, because of the fear of each corruption-prone agent to

“reveal” themselves to an incorruptible peer. Thus, it is a typical setting for how a Poisson process

emerges, with the resulting memorilessness of the distribution of time until a successful bonding event.

Let $c denote the cost of adding a directed link to an organization’s network: this cost is associated

with assigning a supervisor to a new employee or with a relocation of an existing employee to a new

workplace within the same organization. Let $m denote the cost of maintaining the created directed

link per unit time: this is the lost productivity of a worker who has to perform supervising duties.

To summarize, under the stated assumptions, corruption in an organization can only take place

when both a worker and their direct supervisor(s) are corruption-prone. We now consider separately

the scenarios with no supervision, with exactly one supervisor per each worker, and with two supervisors.

These scenarios are thus treated as the only feasible policies available under consideration by the head

of the organization. Note, however, that the presented treatment of these cases can be generalized to

the scenarios with more supervisors in a straightforward way.

In order to evaluate and compare the available supervision policies/scenarios, the analyses of the
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revenue expected to be generated per worker is presented next, for each scenario.

Scenario 1: No supervision

The workers have no supervisors, hence, only the incorruptible workers will be generating revenue in

the long run, while every corruption-prone worker will eventually go corrupt and generate zero revenue.

Table 1: Summary of Notation for Scenario 1

Parameters

p the probability that a random worker in the organization is corruption-prone
r the revenue generated per unit time by a worker not committing corruption
a the rotation timing, i.e., the time until the next rotation

R(a) the revenue generated by a worker in time a (between two consecutive rotations)

Definition

R(t) {
rt, when a worker is not committing corruption,
0, when a worker is committing corruption.

Under the model definitions and assumptions summarized in Table 1, one can evaluate the revenue

expected to be generated by a random worker over a units of time. Since each worker is incorruptible

with probability (1 − p), then one has

E(R(a)) = (1 − p)ra, (1)

where the expectation E(⋅) is taken over all the workers.

Scenario 2: Every worker has exactly one supervisor

By the model design, an incorruptible worker will generate revenue independently of the number

of supervisors assigned to them. The same is true for a corruption-prone worker when they are to

be supervised by an incorruptible one. The analysis of the case where two corruption-prone workers

form a worker-supervisor pair requires more care. Let CC denote the event where both the worker and

supervisor in a random worker-supervisor pair are corruption-prone; then, let CC denote the opposite

event, i.e., the one where at least one member of the pair is incorruptible. Recall that in the event CC,

the corruption-prone worker will generate revenue only until they have bonded with their corruption-

prone supervisor, with the time T till this event distributed exponentially.

Under the model definitions and assumptions summarized in Table 2, we seek to evaluate the revenue

expected to be generated by a random worker over the a units of time. Since any worker is corruption-

prone with probability p, and the probability that both the worker and supervisor in a worker-supervisor

pair are corruption-prone is p2, then one has

E(R(a)) = E(R(a) ∣ CC)P (CC) +E(R(a) ∣ CC)P (CC),

= E(R(a) ∣ CC)p2 + ra(1 − p2),

where the expectation E(⋅) is taken over the workers (in all the worker-supervisor pairs).
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Table 2: Summary of Notation for Scenario 2

Parameters

p the probability that a random worker in the organization is corruption-prone
r the revenue generated per unit time by a worker not committing corruption
c cost of adding a directed edge
m cost of maintaining the created directed edge per unit time
a the rotation timing, i.e., the time until the next rotation

R(a) the revenue generated by a worker in time a (between two consecutive rotations)
T time taken by a corruption-prone worker to bond with a corruption-prone supervisor

Definition

R(t) ∣ CC {
rT, if T ≤ t
rt, if T > t

fT (t ∣ CC) {
λe−λt, t ≥ 0

0, otherwise

R(t) ∣ CC rt

Given that both the worker and the supervisor are corruption-prone, the revenue expected to be

generated by the worker over a units of time can be expressed as

E(R(a) ∣ CC) = E(R(a) ∣ T ≤ a,CC)P (T ≤ a) +E(R(a) ∣ T ≥ a,CC)P (T ≥ a)

= ∫
∞

t=−∞
R(a)fT (t ∣ T ≤ a,CC)P (T ≤ a)dt + rae−λa

= ∫
a

t=0
R(a)fT (t ∣ CC)

P (T ≤ a) P (T ≤ a)dt + rae−λa

= ∫
a

t=0
R(a)fT (t ∣ CC)dt + rae−λa

= ∫
a

t=0
rtλe−λTdt + rae−λa

= r

λ
(1 − e−λa),

and hence,

E(R(a)) = r

λ
(1 − e−λa)p2 + ra(1 − p2). (2)

Scenario 3: Every worker has exactly two supervisors

Scenario 3 is similar to Scenario 2 except that instead of having one supervisor, each worker now

has exactly two supervisors. Let CCC denote the event where a worker and both their supervisors are

corruption-prone; then, let CCC denote the opposite event, i.e., the one where at least one of these

three agents is incorruptible. Recall that in the event CCC, the corruption-prone worker will generate

revenue only until they have bonded with both of their corruption-prone supervisors. Note that the

time T1 (T2) for a corruption-prone worker to bond with their first (second) corruption-prone supervisor

is exponential.

Under the model definitions and assumptions summarized in Table 3, the revenue expected to be

generated by a random worker over the a units of time until the next rotation is given by

E(R(a)) = E(R(a) ∣ CCC)P (CCC) +E(R(a) ∣ CCC)P (CCC)

= E(R(a) ∣ CCC)p3 + ra(1 − p3),
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where the expectation E(⋅) is taken over the workers (in all the worker-supervisor triplets).

Table 3: Summary of Notation for Scenario 3

Parameters

p the probability that a random worker in the organization is corruption-prone
r the revenue generated per unit time by a worker not committing corruption
c cost of adding a directed edge
m cost of maintaining the created directed edge per unit time
a the rotation timing, i.e., the time until the next rotation

R(a) the revenue generated by a worker in time a (between two consecutive rotations)
T1 (T2) time taken by a corruption-prone worker to bond any corruption-prone supervisor 1(2)

Definition

R(t) ∣ CCC {
max(T1, T2)r, if T1 ≤ t and T2 ≤ t

rt, otherwise

fT1 (T2)(t ∣ CCC) {
λe−λt, t ≥ 0

0, otherwise

R(t) ∣ CCC rt

The revenue expected to be generated by the worker over a units of time given the event that the worker

and both the supervisors are corruption-prone can be expressed as

E(R(a) ∣ CCC) = E(R(a) ∣ T1 ≤ a,T2 ≤ a,CCC)P (T1 ≤ a,T2 ≤ a ∣ CCC)

+E(R(a) ∣ T1 ≤ a,T2 ≤ a,CCC)P (T1 ≤ a,T2 ≤ a ∣ CCC).

Since
P (T1 ≤ a,T2 ≤ a ∣ CCC) = P (T1 ≤ a ∣ CCC)P (T2 ≤ a ∣ CCC)

= (1 − e−λa)(1 − e−λa) = (1 − e−λa)2,
one has

E(R(a) ∣ CCC) = E(R(a) ∣ T1 ≤ a,T2 ≤ a,CCC)(1 − e−λa)2 + ra(1 − (1 − e−λa)2). (3)

Given the event that the worker goes corrupt (i.e., bonds with both the supervisors) before the time

until the next rotation is scheduled, the revenue expected to be generated by a corruption-prone worker

having two corruption-prone supervisors over a units of time can be expressed as

E(R(a) ∣ T1 ≤ a,T2 ≤ a,CCC) = E(R(a) ∣ T1 ≤ T2, T1 ≤ a,T2 ≤ a,CCC)P (T1 ≤ T2 ∣ T1 ≤ a,T2 ≤ a,CCC)

+E(R(a) ∣ T1 > T2, T1 ≤ a,T2 ≤ a,CCC)P (T1 > T2 ∣ T1 ≤ a,T2 ≤ a,CCC).

Since both T1 and T2 are independent identically distributed exponential random variables, then

P (T1 > T2 ∣ T1 ≤ a,T2 ≤ a,CCC) = 1/2,

and

fT1,T2(t1, t2 ∣ CCC) = fT1(t1 ∣ CCC)fT2(t2 ∣ CCC) = λe−λt1λe−λt2 .
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Using the definition of a joint conditional pdf and the properties of the exponential distribution, one

has

fT1,T2(t1, t2 ∣ T1 > T2, T1 ≤ a,T2 ≤ a,CCC) =
fT1,T2(t1, t2 ∣ CCC)

P (T1 > T2 ∣ T1 ≤ a,T2 ≤ a,CCC)P (T1 ≤ a,T2 ≤ a ∣ CCC)
.

Therefore, the revenue expected to be generated by a corruption-prone worker over a units of time

given the event that the time taken by the worker to bond with the first corruption-prone supervisor is

greater than the time to bond with the second one can be expressed as

E(R(a) ∣ T1 > T2, T1 ≤ a,T2 ≤ a,CCC) = ∫
+∞

t1=−∞
∫

+∞

t2=−∞
R(a)fT1,T2(t1, t2 ∣ T1 > T2, T1 ≤ a,T2 ≤ a,CCC)dt1dt2

= ∫
a

t1=0
∫

t1

t2=0

rt1λe
−λt1λe−λt2

1

2
(1 − e−λa)2

dt1dt2

= −r
2λ(1 − e−λa)2((4λa + 4)e−λa − 2λae−2λa − e−2λa − 3).

Similarly,

E(R(a) ∣ T1 ≤ T2, T1 ≤ a,T2 ≤ a,CCC) =
−r

2λ(1 − e−λa)2((4λa + 4)e−λa − 2λae−2λa − e−2λa − 3),

and hence, the revenue expected to be generated by a worker over a units of time, given that the worker

goes corrupt before the time until the next rotation is scheduled, is given by

E(R(a) ∣ T1 ≤ a,T2 ≤ a,CCC) =
−r

2λ(1 − e−λa)2((4λa + 4)e−λa − 2λae−2λa − e−2λa − 3). (4)

Now, substituting (4) into (3), one has

E(R(a) ∣ CCC) = −r
2λ
((4λa + 4)e−λa − 2λae−2λa − e−2λa − 3) + ra(1 − (1 − e−λa)2)

= r

2λ
(1 − e−λa)(3 − e−λa),

and hence,

E(R(a)) = r

2λ
(1 − e−λa)(3 − e−λa)p3 + ra(1 − p3). (5)

In summary, the presented treatment of Scenarios 1 through 3 showcases how the developed model

allows to quantify the expected effect of corruption in an organization, over a fixed time window of a

time units, with the varied number of supervisors assigned to each worker. The next section will explore

how worker rotation timing can be strategically selected so as to maximize the long-term productivity

of an organization.
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4 Optimization of Worker Rotation Timing

This section treats the problem of scheduling the worker rotations to maximize the productivity of an

organization under the LBC model described in Section 3. Under LBC, the rotation of workers to new

places – matching them with new supervisors – effectively “restarts” the processes of corruption-prone

workers forming bonds with corruption-prone supervisors. Since, in general, the expected productivity

of a worker over time a is nonlinear in a, then different rotation timing may result in different long-term

expected revenue per unit time, especially accounting for the cost of worker rotation (relocation) itself.

Assuming – without loss of generality – that rotation is to be performed every a time units, one observes

the following trade-off. If a is chosen to be small, then the rotations of the workers will occur frequently

and the incurred rotation costs would be high; if a is chosen to be large, then the losses will be due to the

corruption-prone workers not generating revenue for too long until their next rotations. Hence, it is of

interest to derive an expression for the rotation timing a that would maximize the revenue expected to

be generated by the worker per unit time, as a function of the corruption model parameters introduced

in Section 2, and also, the costs involved in the (re)creation and maintenance of worker-supervisor links.

The rotation scheduling analyses are presented next, for the three policies/scenarios specifying dif-

ferent worker-supervisor link structure in an organization.

Optimal Rotation Timing under Scenario 1

In (1), one has an expression for the revenue expected to be generated by a worker over a units of

time. With no supervision, and hence, no rotation possibly being beneficial, the revenue expected to

be generated by the worker per unit time is constant,

max
a

E(R(a))
a

= (1 − p)r. (6)

Optimal Rotation Timing under Scenario 2

In order to do the analysis for this scenario, the expression in (2) is first expanded to account for

the cost of creating a “worker-supervisor” link, $c, to be paid whenever a worker is rotated to a new

supervisor, and the cost of maintaining such a link, $m per unit time, which reflects the productivity

lost over the time that the agents spend in monitoring peers. The maximum revenue expected to be

generated by a random worker per unit time is a function of the rotation timing a,

max
a

E(R(a)) − c −ma
a

= max
a
( r
λa
(1 − e−λa)p2 + r(1 − p2) − c

a
−m). (7)

Observe that the term r(1 − p2) −m in (7) is constant in a. Thus, the problem of maximizing the

expected long-term revenue per worker reduces to
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max
a
(
r

λ
(1 − e−λa)p2 − c

a
).

The optimal rotation timing is found by differentiating the revenue function in a and equating the result

to zero,

d

da
(E(R(a)) − c −ma

a
) = d

da
(
r

λ
(1 − e−λa)p2 − c

a
) = 0.

=
−e−λa((p2r − λc)eλa − λp2ra − p2r)

λa2
= 0.

(8)

Hence, one arrives at the optimality condition,

(p2r − λc)eλa − λp2ra − p2r = 0. (9)

Theorem 1 The solution to equation (9) in “a” maximizes (7): i.e., with this rotation timing, one

obtains the maximal expected revenue per worker per unit time under Scenario 2.

Proof: The equation in (9) can be rearranged,

(p2r − λc)eλa = p2rλa + p2r, (10)

to appear in the form Aex = Bx+B, with A = p2r−λc, B = p2r and x = λa. The left hand side (LHS) of

equation (10) is an exponential curve, while its right hand side (RHS) is a straight line with a positive

slope and a positive y-intercept (B ≥ 0); the point of intersection of these two functions in x solves

equation (10). Observe that A > 0 is the necessary condition for the two functions to intersect and

have a feasible solution for x > 0. Observe also that B ≥ A : this means that the straight line (for the

function in RHS) crosses the y-axis above the point at which it is crossed by the increasing exponential

curve (for the function in LHS), and hence, there exists x ≥ 0 that solves (10) (if and only if A > 0).

Consequently, since λ is known, one can find the value of a = a∗ that satisfies (9); the derivative (8) is

positive at any value of a < a∗ and negative otherwise. Hence, the value of a that satisfies (9) maximizes

the objective in (7). ∎

Corollary 1.1 Rotation is beneficial if and only if p2r − λc > 0.

Proof: Follows from the proof of Theorem 1. ∎

Indeed, one can see that the quantity (rp
2

λ
− c) is equal to the mean revenue generated by a corruption-

prone worker in time 1
λ (i.e., the expected time for them to discover that their supervisor is also

corruption-prone) minus the cost of creating this “worker-supervisor” tie. Therefore, the condition

(rp
2

λ
− c) > 0 is the one under which rotation makes sense in the first place; otherwise, the organization

would be unable to offset the rotation costs by the recovered losses due to corruption.
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Corollary 1.2 When rotation is not optimal (not beneficial), the revenue expected to be generated by

a random worker per unit time becomes ((1 − p2)r −m).

Proof: With no rotation policy in place, i.e., when p2r − λc < 0 , the reporting structure is never

changed. So, the revenue expected to be generated by a random worker per unit time becomes,

lim
a→∞
(E(R(a)) − c −ma

a
) = lim

a→∞
( r
λa
(1 − e−λa)p2 + r(1 − p2) − c

a
−m),

= ((1 − p2)r −m). ∎

Optimal Rotation Timing under Scenario 3

The analysis for this scenario is similar to that for Scenario 2. The expression in (5) is first expanded

to account for the costs of creating two “worker-supervisor” links. The cost of $2c is to be paid whenever

a worker is rotated to two new supervisors, and the cost of $2m is to be paid per unit time for maintaining

the ties. The maximum revenue expected to be generated by a random worker per unit time is a function

of the rotation timing a,

max
a

E(R(a)) − 2c − 2ma

a
= max

a
( r

2λa
(1 − e−λa)(3 − e−λa)p3 + r(1 − p3) − 2c

a
− 2m). (11)

Observe that the term r(1 − p3) − 2m in (11) is constant in a, reducing the optimization problem to,

max
a
(
r

2λ
(1 − e−λa)(3 − e−λa)p3 − 2c

a
).

The optimal rotation timing is found by differentiating the revenue function in a and equating the result

to zero,

d

da
(E(R(a)) − 2c − 2ma

a
) = d

da
(
r

2λ
(1 − e−λa)(3 − e−λa)p3 − 2c

a
) = 0,

=
−e−2λa((3p3r − 4λc)e2λa + (−4λp3ra − 4p3r)eλa + 2λp3ra + p3r)

2λa2
= 0,

(12)

Hence, one arrives at the optimality condition for a,

(3p3r − 4λc)e2λa − 4λp3ra − 4p3r)eλa + 2λp3ra + p3r = 0. (13)

Theorem 2 The solution to equation (13) in “a” maximizes (11): i.e., with this rotation timing, one

obtains the maximal expected revenue per worker per unit time under Scenario 3.

Proof: The equation in (13) can be rearranged,

(3p3r − 4λc)e2λa − 4λp3raeλa − 4p3reλa = −2λp3ra − p3r, (14)
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Figure 2: A schematic plot of the behavior of the functions in the LHS and RHS of (14): the LHS
function is plotted in blue and the RHS function in red; the encircled intersection point solves (14); the
plot illustrates that (14) has a single solution on the interval (0, x∗).

to appear in the form Ae2x − 4Bxex − 4Bex = −2Bx −B, with A = 3p3r − 4λc, B = p3r and x = λa. The

LHS of (14) has an exponential term e2x that dominates the other two terms beyond some value x = x∗:

i.e., for any x > x∗, the LHS is always positive (provided that A > 0). In order to study the properties

of the LHS, its first order derivative is derived and equated to zero,

d

dx
(Ae2x − 4Bxex − 4Bex) = 2ex (Aex − 2Bx − 4B) = 0.

Observe that A > 0 is a necessary condition for the LHS derivative to be zero at some point x′ (from

Theorem 1). The LHS derivative is necessarily negative for any x < x′, and positive for any x > x′.

Figure 2 schematically plots the functions in the LHS and RHS. Since the values of parameters λ

and a are positive, then we are only interested in positive solutions to (13). Figure 2 shows that only

one such solution exists, and it is the point of maximum. The argument in support of this statement

is similar to that in the proof of Theorem 1. Specifically, at x = 0, the LHS is negative, since the

LHS y-intercept value is A − 4B, i.e., −p3r − 4λc. Further, as x increases from zero, the LHS decreases

monotonically until x = x′ (with the LHS derivative being negative) and starts to increase monotonically

for x > x′ (with the LHS derivative being positive). Meanwhile, the LHS stays negative for 0 < x < x∗,

turns positive at x = x∗, and stays positive for x > x∗. Now, the RHS above is a straight line with a

negative slope and a negative y-intercept −p3r. It can be observed that this line crosses the y-axis above
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the point at which the exponential curve crosses it, and also, since the slope of the line is negative, then

there always exists such x ≥ 0 that solves (13) (if and only if A > 0). Consequently, since λ is known,

one can find the value for a = a∗ that satisfies (13); the derivative (12) is positive at any value of a < a∗

and negative otherwise. Hence, the value of a that satisfies (13) maximizes the objective in (11). ∎

Corollary 2.1 Rotation is beneficial if and only if 3p3r − 4λc > 0.

Proof: Follows from the proof of Theorem 2. ∎

Indeed, one can see that the quantity (3rp
3

2λ
−2c) is equal to the mean revenue generated by a corruption-

prone worker in time
3

2λ
(i.e., the expected time for them to discover that both their supervisors are

also corruption-prone) minus the cost of creating two “worker-supervisor” ties. Therefore, the condition

3p3r−4λc > 0 is the one under which rotation makes sense in the first place: otherwise, the organization

would be unable to offset the rotation costs by the recovered losses due to corruption.

Corollary 2.2 When rotation is not optimal (beneficial), the revenue expected to be generated by a

random worker per unit time becomes ((1 − p3)r − 2m).

Proof: With no rotation policy in place i.e. when 3p3r − 4λc < 0 , – the reporting structure is never

changed. Therefore, the revenue expected to be generated by a random worker per unit time becomes,

lim
a→∞
(E(R(a)) − 2c − 2ma

a
) = lim

a→∞
( r

2λa
(1 − e−λa)(3 − e−λa)p3 + r(1 − p3) − 2c

a
− 2m)

= ((1 − p3)r − 2m). ∎

The obtained optimality conditions and expressions for the maximal expected revenue for the three

scenarios enable one to compare the supervision policies and select the best one for any given set of values

of the model parameters. The next section summarizes the analyses that can aid the decision-maker in

organization-wide policy-making efforts.

5 Policy-Making Insights

This section provides the insights into supervision-related policy-making for curbing corruption in an

organization. The insights are presented using the results of Sections 3 and 4 – comparing the optimal

revenues achieved for the considered policies under Scenarios 1, 2 and 3 – and are broken up into cases.

We also discuss potential operational challenges associated with implementing individual rotations, and

point at ways to address these challenges.

Figure 3 visualizes the policy comparisons for the selected representative combinations of the model

parameters λ (the rate of bonding of corruption-prone agents), $r (default revenue generation rate),
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$c (relocation cost) and $m (supervisory tie maintenance cost), while the parameter p (fraction of

corruption-prone employees in the organization) is varied.

Figures 3(a) and 3(c) illustrate how the presented results can be interpreted: they describe the

optimal policies for the set combination of parameters λ = 0.2, r = 9, c = 6 and m = 0.5, and the varied

parameter p. Figure 3(a) shows the optimal rotation timing values for the two policies that employ the

worker rotation, for the different values of p (between 0 and 1). Observe that rotation can be beneficial

only if p exceeds a certain value. Further, the optimal rotation frequency increases as the fraction of

corruption-prone employees in an organization increases. Figure 3(c) depicts the revenues expected to

be generated per worker per unit time for the LBC model, for the given setting, for three policies: the

first with no supervision, the second with one supervisor per worker, and the third with two supervisors

per worker, again for the different values of p. Note that for any given value of p, the expected revenue

reported in Figure 3(c) for the second as well as the third policy is obtained as the maximum for two

cases, depending on whether rotation is beneficial or not. Specifically, when rotation is beneficial (and

the optimal rotation timing is computed, as presented in Section 4), we report the revenues expected

to be generated per worker per unit time under an optimal rotation schedule. Alternatively, when

rotation is not beneficial, we report the revenues expected to be generated per worker per unit time

under no rotation. Under the LBC model parameter settings used for Figures 3(a) and 3(c), rotation

becomes beneficial for the one supervisor scenario when p = 0.37 (or higher); however, the policy with

two supervisors per worker, with no rotation, turns out to be optimal – the revenue expected to be

generated per worker per unit time for this policy is higher. The policies exploiting employee rotations

begin to be beneficial when p = 0.57 and higher. The interpretation of the contents of Figures 3(b)

and 3(d) is similar: again, an optimal policy is to be chosen based on the bottom plot (Figure 3(d)),

given the fraction of corruption-prone individuals in the organization, while the top plot (Figure 3(b))

informs an optimal setting for the rotation timing.

A case-by-case summary of the general policy-making conclusions now follows.

Case 1: p2r − λc < 0 and 3p3r − 4λc < 0 (rotation is not beneficial)

In this case, no rotation policy is advisable as the organization would be unable to offset the rotation

costs; hence, the policy-making involves only the planning for the number of supervisors per worker.

The expected revenue generated per worker per unit time is ((1 − p2)r −m) with a single supervisor

per worker, and ((1 − p3)r − 2m) with two supervisors. By comparing these expressions, one arrives

at the general observations about when a particular policy is optimal with respect to the number of

supervisors.

The results of this policy-making analysis can be summarized as follows:
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(a) (b)

(c) (d)

Figure 3: Illustrative policy comparison plots – (a, c): plots for λ = 0.2, r = 9, c = 6 and m = 0.5; (b, d); plots for
λ = 0.01, r = 90, c = 6 and m = 0.5.
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(a) (b)

Figure 4: Intuitive Insights – (a): plot for λ = 0.2, r = 9, c = 6 and m = 0; (b): plot for λ = 0.2, r = 9, c = 0 and
m = 0.5.

• If r < 4m: having no supervision is optimal,

• If 4m ≤ r < 6.75m, then

– if rp(1 − p) <m: having no supervision is optimal,

– if rp(1 − p) ≥m: having one supervisor per worker, with no rotation, is optimal,

• If r ≥ 6.75m: having two supervisors per, with no rotation, is optimal.

Case 2: p2r − λc ≥ 0 and/or 3p3r − 4λc ≥ 0 (rotation may or may not be beneficial)

In this case, it is advisable to assess the effectiveness of a rotation policy with an optimal rotation

timing.

The values of all the model parameters play a role in determining how the productivity of an

organization can be maximized. Figure 3 highlights the fact that that the relationship between the

expected revenue generated per worker and the parameters λ, r and c is complex.

Consistent with the intuition, whenever the cost of relocating a worker is zero (c = 0), it is always

optimal to have one supervisor per worker and perform rotation as frequently as possible (see Figure

4(b)). Similarly, whenever the cost of maintaining a worker-supervisor tie is zero (m = 0), it is always

better to have as many supervisors as possible per worker (see Figure 4(a)). The rotation frequency

also grows as the bonding rate λ decreases.

Figure 3 also indicates that whenever the fraction of corruption-prone employees in the organization

is small, the rotation-based policies are sub-optimal; conversely, for the larger percentages of corruption-

prone employees, the optimal productivity is typically obtained under a rotation policy.
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It is worth noting that the insights obtained with the help of the LBC model may be applicable to

a different extent to aid organizations in implementing rotation policies, depending on their workforce

size. The LBC model results are accurate for large organizations. Indeed, with such organizations, a

random rotation can be assumed to put every worker into a new circumstance. And even if a random

assignment prescribes an employee to supervise the worker(s) that had previously supervised, such

situations can be corrected by only a few assignment swaps. Consider a multi-branch bank or a military

organization with dozens of workplaces, where employees are to be rotated every two or three years:

over a 30-40 year career, one can easily be rotated without having to see their former colleagues ever

again. On the other hand, for small organizations, the rotation policies prescribed as a result of LBC

modeling may not be useful, as one would quickly run out of ways to assign different supervisors to

any given worker in different rotation cycles; in other words, the organization would have to revert

to the same workers having the same supervisor(s) often, which would become counterproductive for

fighting LBC. For medium-sized organizations, one might want to explore calculated approaches to

implementing rotations, to ensure that the same workers do not get assigned to the same supervisors,

and if it is unavoidable, then such assignments are used only as a last resort. For example, one can

develop a simple variation of the standard Binary Assignment Program, with the added penalties on

repeated assignments over multiple rotation cycles.

6 LBC Model Parameter Inference

In a real-world setting, such values as the expected productivity loss due to corruption per worker, as

well as the proportion of malignant agents and the rate of corrupt tie formation, cannot be expected

to be readily available to a decision-maker. Suppose the head of an organization wishes to choose

a workforce management policy such that the effect of LBC is minimized. Then, they first need to

address the problem of learning the LBC model parameters by “feeling the system”, i.e., observing

what financial outputs an organization generates when operating under different policy settings.

To this end, the head of the organization can perform an observational study consisting of three

experiments. The set up and subsequent analyses of such a study are illustrated using simulation: see

Figure 5. In a considered simulation run, three experiments are performed under Scenario 2 (when

exactly one supervisor is assigned per worker): in each experiment, the organizational structure and

rotation timing are set, and the organization-wide revenue X is observed, averaged over multiple rota-

tions, with the timespan between two consecutive rotations called an observation. Given the revenue

data for three distinct experiments, one can infer the LBC model parameters. It is assumed that dur-

ing the whole observational data collection process (the simulation run), the number of employees n
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Figure 5: The design of a simulation run – The run consists of three experiments, each experiment returns an
estimate of the average revenue Xi, generated by the organization under a distinct policy with rotation timing ai. The
estimates are obtained as the averages of the revenues observed in multiple observations corresponding to each experiment.

in the organization is constant, i.e., no new employee joins/leaves the organization. This assumption,

however, is not too restrictive: for small fluctuations in the employee count, the inference results can

still be expected to be valid, since the revenue per worker is used as the main input into the inference

algorithm. It is also reasonable to assume that the cost of relocation c and the productivity lost due to

supervising activity m are both known.

Let Xi be the expected revenue generated by the organization during the ith experiment which is

observed for time ai > 0. Using the derivations elaborated in Section 2 for Scenario 2, the functional

form of the revenue expected to be generated by a randomly selected worker in time ai is known

(see equation (2)). As the organization has n workers, multiplying n to the revenue expected to be

generated by a worker gives the revenue expected to be generated by the organization over time ai. The

objective function (Z) is built to infer the unknown parameters that minimize the difference between

the experimental revenue and the expected revenue,

Min Z =∑
i

(Xi − n(E(R(ai)) − c −mai))
2

, i = 1,2,3. (15)

After opening the brackets and substituting the formulae for the expected revenue in (15), one reaches

the optimization problem formulation,

Min Z =∑
i

(Xi − n(
r

λ
(1 − e−λai)p2 + rai(1 − p2) − c −mai))

2

, i = 1,2,3, (16)
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subject to the probability interval and non-negativity constraints,

0 ≤ p ≤ 1, (17)

r ≥ 0. (18)

λ > 0. (19)

The solution to (16) returns the values of parameters p, r and λ that minimize the objective function

while satisfying the constraints (17), (18), (19), per the LBC model assumptions.

To sum up, one can monitor an organization and observe the revenue generated to infer the key

model parameters that would minimize the objective function, i.e., predict the values of the parameters

that would minimize the difference between the observed (simulated) revenues and the expected revenue.

The problem (16) is solved by first exploring, and then exploiting, the convexity of the objective function

Z in r and the fact that Z has a minimum in p.

Theorem 3 The objective function Z in (16) is convex in r.

Proof: Recall that a twice differentiable function is convex on an interval if and only if its second

derivative is non-negative.

The partial derivative of the objective function Z in r is given as

∂Z

∂r
= −2n(p

2

λ
(1 − e−λa) + a(1 − p2))(X − n( r

λ
(1 − e−λa)p2 + ra(1 − p2) − c −ma)), (20)

and taking another partial derivative in r, one obtains

∂2Z

∂r2
= 2n2(p

2

λ
(1 − e−λa) + a(1 − p2))

2

. (21)

Since (21) is non-negative, then it is proven that the objective function Z is convex in r. ∎

Theorem 4 The objective function Z in (16) has a minimum in p.

Proof: The proof proceeds by showing that Z monotonically decreases (as the first derivative is less

than zero) in the range p ≤ p∗, with p∗ fixed, and monotonically increases in the range p ≥ p∗. The

partial derivative of Z in p, per (16), is given

∂Z

∂p
= −4nrp

λ
(1 − e−λa − λa)(X − n( r

λ
(1 − e−λa)p2 + ra(1 − p2) − c −ma)). (22)

Observe that
−4nrp

λ
(1−e−λa−λa) is always positive for any fixed r, p ≠ 0. Now, (22) assumes the value

of zero when X −n( r
λ
(1− e−λa)p2 + ra(1− p2)− c−ma) = 0; the left-hand side of this equality is a linear

function in p2, and further, there exists such a fixed value p = p∗ > 0 at which this function equals zero.
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Table 4: Inference Model Example

Time (ai) Average Revenue Observed (Xi) Inferred Parameters

5 1468.99 p = 0.2964
r = 4.9994
λ = 0.2

10 3049.84
15 4598.89

Per the logic of the LBC model, one has that whenever p < p∗, the expected revenue generated is greater

than the simulated (observed) revenue, so the first derivative is less than zero. Similarly, when p > p∗,

per the LBC model, the expected revenue generated is less than the simulated (observed) revenue, so

the first derivative is greater than zero. Hence, the objective function has a minimum in p. ∎

Any convex optimization solver can be used to optimize (16), which is nonlinear but convex for any

fixed λ; the “fmincon” function in MATLAB was used to obtain the results reported in this paper.

With the varied parameter λ, the objective function Z is minimized over the space of r and p. Taking

the lowest value of Z over the considered values of λ, one obtains a global minimum: see Figure 6.

To illustrate how inference is conducted, the revenue values generated by the organization, Xi,

i = 1,2,3, are simulated under fixed known inputs p, r and λ. Now, given only Xi, i = 1,2,3, the

objective is to recover the LBC model parameters.

To set up an instance of the inference problem, consider the setting p = 0.3, r = 5 and λ = 0.2.

Assume c = 2 and m = 1.5 (both these values are known the inference problem is being solved). With a

total of 100 employees assumed to be in the organization, suppose p = 0.3, meaning that 30 employees

are corruption-prone. Under this setting, the head of the organization conducts a simulation run (refer

Figure 5), consisting of three experiments, conducted over the varied time spans. Again, the time period

(a) to monitor the organization was arbitrarily chosen to be 5, 10 and 15 time units, with rotations

scheduled in between the time periods. In order to obtain the estimates of Xi, i = 1,2,3, the average

revenues over multiple observation in each experiment are taken.

In the first simulation run, conducted for the purpose of empirical validation, 10,000 observations

were recorded under each experiment; the average revenue values generated in the three experiments

with time periods 5, 10 and 15 amounted to 1468.99, 3049.84 and 4595.89, respectively (see Table 4).

Upon running the inference algorithm with λ varying between 0.01 to 1 with an increment of 0.01, the

global minimum is observed to lie at λ̂ = 0.2 (see Figure 6), with the value of the objective function

amounting to 0.0406 for the inferred values r̂ = 4.9994 and p̂ = 0.2964.

In short, with the accurate estimates of Xi, i = 1,2,3 used as the input in problem (16), one can

accurately infer the LBC model parameters, and consequently, reduce the effect of LBC by identifying

and applying an optimal supervision/rotation policy, as discussed in Sections 3 and 4.
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Figure 6: The inference problem objective Z obtained for the varied bonding rate λ. The global minimum
is correctly found at λ̂ = 0.2. The corresponding values of r̂ and p̂ are 4.999 and 0.296 – also inferred with high accuracy.

7 Sensitivity Analyses in LBC Model Parameter Inference

The LBC model parameter inference results, obtained assuming the availability of accurate revenue

estimates Xi, i = 1,2,3 (taken as the averages of 10,000 observations for each experiment i), validate

the approach described in Section 6. This section expands a computational study of the viability of this

approach, by assessing its sensitivity to the (limited) number of observations made per experiment and

variations in the experimental setup.

7.1 Computational Results with Varied Experimental Setups

The LBC model parameters can be inferred by varying the observation time a (of scheduled agent

rotation), and also, by varying the reporting structure adopted in the experiments. In the latter case,

the closed form of the objective function in (15) should first be revised in accordance with a new

experimental setup. As an alternative to Setup 1, where all the experiments are conducted under

Scenario 2, i.e., with exactly one supervisor per worker, consider the following additional setups:

• Setup 2: three experiments are performed with each worker in the organization having exactly

two supervisors (Scenario 3).

• Setup 3: two experiments are performed with each worker in the organization having exactly one

supervisor and one experiment is performed with each worker having exactly two supervisors.

• Setup 4: two experiments are performed with each worker in the organization having exactly two

supervisors and one experiment is performed with each worker having exactly one supervisor.
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Table 5: Comparison of Results obtained by varying the Experimental Setup

Experiment Setup Observed Revenue Inferred
Z

Type a=5 a=10 a=15 a=5 a=10 a=15 r p

Setup 1 Scenario 2 Scenario 2 Scenario 2 3889.34 7801.27 11648.75 10.0041 0.2975 0.0691

Setup 2 Scenario 3 Scenario 3 Scenario 3 3079.17 6504.51 9899.49 10.0005 0.2932 0.0162

Setup 3 Scenario 2 Scenario 2 Scenario 3 3889.34 7801.27 9899.49 10.0105 0.2994 0.7855

Setup 4 Scenario 3 Scenario 3 Scenario 2 3079.17 6504.51 11648.75 - - -

(a) Setup 2 (b) Setup 3 (c) Setup 4

Figure 7: Plot observed by varying the parameter λ and observing the objective function under varying
Experimental Setups.

One simulation run per each of these setups was conducted with 10,000 observations under each experi-

ment, for an organization with r = 10, p = 0.3, λ = 0.2, c = 2, m = 1.5, and n = 100, with the experiments

with a = 5,10,15. The observed revenue under each scenario and the results of the inference model are

shown in Table 5. Under Setups 1–3, the global minimum was attained at λ = 0.2; see Figures 6, 7(a),

7(b)): the inferred parameters and the objective function values are reported for the optima. However,

under Setup 4, it turns out that no unique global minimum exists (see Figure 7(c)), preventing one from

unambiguously inferring λ, r and p.

7.2 Computational Results with a Smaller Number of Observations

According to the LBC model, corruption can only occur by agreement between multiple corruption-

prone employees. The number of links connecting corruption-prone employees – enabling them to bond

over time and then begin to commit corrupt acts – depends on the positions of those corruption-prone

employees in the network. Recall that in order to infer the LBC model parameters as described in Section

5, one has to use the results of multiple observations under each experiment (see Figure 5) as an input

in the inference algorithm. This section analyzes the impact of the number of these observations on the

quality of inference and on the decisions it informs. The fewer observations one uses, the less accurate

the LBC parameter estimates are, leading to the adoption of a sub-optimal supervision/rotation policy.

This section calculates the revenue expected to be lost per worker due to LBC, and uses this loss as
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a measure to compare the quality of solutions obtained with different amounts of input data. To clarify,

these data inform the inference algorithm, which in turn informs the policy optimization algorithm.

7.2.1 Calculation of the expected revenue loss per worker

Per the LBC model description given in Section 2, the expected revenue generated by a worker is

assumed to be known. Now, the expected loss per worker under Scenario 2, i.e., when every worker has

only one supervisor, can be calculated.

Table 6: Summary of Notation Used to Express the Expected Revenue Loss

Parameters

L(a) the revenue lost by a worker in time a (between two consecutive rotations)
T time taken by a corruption-prone worker to bond with a corruption-prone supervisor

Definition

L(t) ∣ CC {
r(t − T ), if T ≤ t

0, if T > t

L(t) ∣ CC 0

fT (t ∣ CC) {
λe−λt, t ≥ 0

0, otherwise

Under the model definitions and assumptions summarized in Table 6, the revenue expected to be

lost by a random worker over the a units of time can be expressed as

E(L(a)) = E(L(a) ∣ CC)P (CC) +E(L(a) ∣ CC)P (CC),

= E(L(a) ∣ CC)p2,

where the expectation E(⋅) is taken over the workers (in all the worker-supervisor pairs).

Given that both the worker and the supervisor are corruption-prone, the revenue expected to be

lost by the worker over a units of time is given,

E(L(a) ∣ CC) = ∫
a

0
L(a)fT (T ∣ CC)dT + ∫

+∞

a
L(t)fT (T ∣ CC)dT

= ∫
a

0
r(a − T )λe−λTdT

= r

λ
(e−λa + λa − 1),

and hence,

E(L(a)) = r

λ
(e−λa + λa − 1)p2. (23)

Taking into account the costs of rotation c per worker and the cost of supervision m per worker-

supervisor link per unit time, the total revenue expected to be lost per worker per unit time amounts

to

E(L(a) + c +ma
a

) = r(e
−λa + λa − 1)p2 + c +ma

λa
. (24)
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Figure 8: The revenue expected to be lost per worker per unit time as a function of rotation timing
– (g): amount of loss due to LBC that can be recovered under optimal rotation timing, (h): amount recovered under
sub-optimal rotation timing, (i): amount one fails to recover due to sub-optimal inference, (j): total loss due to LBC.

7.2.2 Assessment of the Impact of the Number of Observations on Inference Quality

As the values of p, r and λ at the simulation stage are known, a true optimal organizational policy can

be directly obtained, for any setting. The performance under an optimal policy can then be compared

against that under an inferred sub-optimal policy.

According to the LBC model, the revenue loss recovered per worker per unit time – denote it by g –

is maximal under an optimal policy. The amount recovered under a sub-optimal policy – denote it by

h – is smaller than g. The revenue that one fails to recover due to sub-optimal inference is denoted by

i = g − h (see Figure 8). The performance of a sub-optimal policy with respect to the optimal one can

be conveniently measured as
i

g
% – the percentage loss not recovered due to inaccurate inference.

To illustrate the potential consequences of inaccurate inference, 1000 simulation runs are performed,

with 10 observations per experiment in each run, and the distribution of percentage loss not recovered

is plotted – for the 1000 inferred sub-optimal rotation timing values. Figure 9 shows two peaks. The

first one corresponds to situations where the attained sub-optimal solutions are close in performance to

the optimal policy, and the percentage loss not recovered is 0-10%. The second peak has the percentage

loss not recovered being close to 100%: this occurs when the inferred parameters p̂, r̂ and λ̂ suggest

that no rotation is advisable (i.e., p̂2r̂ − λ̂c < 0). Finally, observe that the values of percentage loss

not recovered may exceeds 100%: this occurs in situations where the incorrectly inferred parameter

combinations prompt a decision-maker to adopt overly frequent rotations.

To analyze the impact of the number of observations under each experiment, 1000 simulation runs
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Figure 9: The distribution of percentage loss not recovered for 1000 inferred sub-optimal rotation timing
values – 65.3% of the observed outcomes fall into the range from 0 to 10%.

are performed with the number of observations under each experiment varied from one to ten. The

mean and standard deviation of the percentage loss not recovered and shown in Figure 10(a). The

probabilities of making an inference whose percentage deviation from the optimal is less than 10 and

an inference whose percentage deviation from the optimal is between 90 and 100 (refer figure 10(b)) are

also computed and compared. The quality of the inferred solutions is observed to vastly improve as the

number of observations per experiment increases.

8 Conclusion

This paper presents a model that captures a link-based aspect of how corruption emerges and gives

a formal approach to limiting the adverse effects of malignant/corrupt activity of linked agents by

optimizing the reporting structure and rotation timing so as to maximize the expected long-time revenue

generated by the whole workforce. The scenarios with no supervisor, and one or two supervisors are

compared, and the analytical solutions for the optimal rotation timing and expected revenue are provided

for each scenario. The developed inference approach allows for learning the key model parameters

by observation. The sensitivity of the policy performance to the model parameters (the fraction of

malignant agents in the workforce, productivity rate, costs, etc.) is analyzed as well.

The introduced LBC model is suitable for the settings where the revenue, which can be lost due

to corruption, is quantifiable, i.e., when it directly relates to the amount of goods produced, harvest

collected, etc., but not for the settings where, e.g., employees perform intellectual work. Focusing on

the former case, the revenue generated by workers will still vary from worker to worker; however, one
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(a) (b)

Figure 10: Impact of number of observations per experiment, as it varies from one to ten – 10(a): Plot
of the Mean and the Standard Deviation of the percentage loss not recovered. Observe that the Mean percentage loss not
recovered decreases as the number of observations per experiment increases; 10(b): Plot of the Probability of making an
inference whose percentage deviation from the optimal is less than 10 and an inference whose percentage deviation from
the optimal is between 90 and 100. Observe that Probability of making an inference whose percentage deviation from the
optimal being less than 10 increases as the number of observations per experiment increases.

can track the overall average revenue per worker to inform decisions. In other words, it is assumed that

LBC analyses can be of use to the organizations where it is difficult to pinpoint which particular worker

is under-performing, but possible to observe the productivity loss on the aggregate level.

Note also that if one can anticipate the approximate values for key model parameters based on

societal factors, demographics, etc., the presented model for revenue maximization could be applied not

only in situations where the workers indulge in corrupt activities, but also, when workplace bonding

leads to productivity loss due to procrastination.

In future efforts, the introduced model could be further enriched under an assumption that corruption-

prone supervisors could pressure incorruptible workers into adopting the corrupt behavior, which may

make them corruption-prone over time.
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