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Abstract: The emergence of the modern gig economy introduces a new set of employment consid-
erations for firms and laborers that include various trade-offs. With a game-theoretical approach,
we examine the influences of technology, policy and markets on firm and worker preferences for
gig labor. Theoretically, we present new conceptual extensions to the replicator equation and model
oscillating dynamics in two-player asymmetric bi-matrix games with time-evolving environments,
introducing concepts of the attractor arc, trapping zone and escape. While canonical applications
of evolutionary game theory focus on the evolutionary stable strategy, our model assumes that the
system exhibits oscillatory dynamics and can persist for long temporal intervals in a pseudo-stable
state. We demonstrate how changing market conditions result in distinct evolutionary patterns across
labor economies. Informing tensions regarding the future of this new employment category, we
present a novel payoff framework to analyze the role of technology on the growth of the gig economy.
Regarding governance, we explore regulatory implications within the gig economy, demonstrating
how intervals of lenient and strict policy alter firm and worker sensitivities between gig and employee
labor strategies. Finally, we establish an aggregate economic framework to explain how technology,
policy and market environments engage in an interlocking dance, a balancing act, to sustain the
observable co-existence of gig and employee labor strategies.

Keywords: evolutionary game theory; gig worker; evolutionary economics; social learning; oscilla-
tory dynamics

JEL Classification: C73; E27

1. Introduction

With economic prevalence that extends to the labor markets of the early Roman Em-
pire [1], the concept of contract work has existed for millennia, manifesting in different
forms across societies and temporal interludes [2]. In recent decades, contract or ‘gig’ work
has emerged as a commanding employment category in the United States, having captured
more than one third of the labor market by 2018 [3]. At the cornerstone of this development
are online labor marketplaces that facilitate the exchange of talent and capital between firms
and workers, effectively decreasing hiring frictions and increasing labor liquidity [4–6]. The
result of this infrastructure furtherance takes form in a novel, complementary contract-based
labor market monikered the sharing, collaborative or gig economy [7–10].

Specific to the rise of gig work in the digital era, the modern gig economy enables firms
to digitally outsource tasks and processes to remote workforces and match independent
skill sets to specific labor needs [11]. For instance, ride-share companies such as Lyft and
Uber leverage contractual gig drivers in their businesses, ultimately re-engineering cheaper,
on-demand product offerings [12,13]. There is, however, a trade-off; the commitment
to cheaper pricing with gig operators may come at the expense of product and service
quality [14]. On the labor supply side, autonomy, self governance and overall increased
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flexibility form the gravitational kernel that captivates new workers and persuades them
to participate in the gig economy [15,16]. However, gig workers lack the income stability
and labor protections such as union rights and insurance benefits conferred with employee
status [17]. For each labor economy, there exists a crossroads of competing considerations
for firms and laborers regarding their labor decisions.

Beyond the firm and individual, there are several macro factors at play. The dynamics
of firm and worker labor preferences are saddled at the nexus between market conditions,
technology and policy. Noting select periods of American economic history from the last century,
we see a pattern wherein which the importance and popularity of contract work fluctuate as
a result of several economic factors. Notably, during the post Great Depression and World
War II period, workers sought out an auxiliary arrangement, a reconstitution of work and
enterprise, in a pursuit of autonomy and stability [18]. Over the last century, this campaign
for autonomy, not contemporary digital applications, set the foundation for the modern gig
economy [18]. Regarding recent economic cycles, present-day gig workers recognize that
the structural forces of economic recessions restrict their autonomy; when demand for work
declines, gig laborers remain persistently available to compete for limited contracts, thereby
disqualifying any scheduling flexibility [15]. A market–labor pattern emerges across history
and informs us on how evolving market cycles shape the labor landscape.

There is also compelling evidence to believe that technological advancements may
engender the future growth or stagnation of the gig economy. On the one hand, there is
an expectation that the gig economy will continue to grow with the introduction of new
sharing platforms and businesses [10,19]. On the other hand, there exists a growing accord
in scholarship that artificial intelligence (AI) will displace many human operators [4],
especially those with commodity skills [20]. The rapid acceleration of AI may implicate the
displacement of gig workers, for instance, the substitution of ride-sharing drivers with the
introduction of autonomous vehicles [4]. A question remains as to whether these displaced
workers will reenter the workforce as employees or gig workers. Seemingly, the influence
of technology on the future of the gig economy depends on a constellation of co-developing
technologies racing to fruition.

In recent years, there has been growing effort in studying the gig economy, which
provides useful insights that address labor preferences, policy design, the role of technology
and wide-ranging socioeconomic implications.

Among others, one main approach used to study the gig economy is ethnography
with various statistical methods. Much has been explored regarding influences on firm
and worker gig-economy incentives. Allon et al. collaborate with a ride-sharing platform
to investigate behavioral and economic incentives for gig workers, noting a prioritization
of an earnings goal over the number of hours worked and a willingness to work more
with more hours worked [21]. Lehdonvirta explores flexibility in the gig economy, reiter-
ating emphasis on the income-target and finds support that worker autonomy depends
on a large availability of work [15]. Burtch et al. study how gig-economy platforms in-
fluence entrepreneurial activity, finding that gig platforms reduce total entrepreneurial
activity as these platforms provide prospective entrepreneurs an additional stream of
income [7]. Leung examines hiring in the gig economy as a learning experience, noting
that firms expressed loss-aversion behaviors when responding to positive and negative
hiring experiences [22]. Exploring hiring across the global gig-economy, Galperin et al.
note discriminatory geographical preferences in firms’ hiring preferences [23].

Academic research on the gig economy has also extensively embraced concerns in
policy, technology and economics. Friedman argues that the growth of the gig economy
requires new social policy as economic risks are shifted from the firm to the laborer [24].
Todoli-Signes examines the gig worker’s need for protection and details regulatory concern
around working hours, minimum wage, child labor bans and annual leave among other
areas of apprehension [25]. Stewart and Stanford investigate five regulatory mechanisms in
the gig economy such as the creation of a new independent worker category or the provision
of workers’ rights, reviewing the pros and cons of each framework [26]. While research
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focusing on regulation and policy collectively exhibit a concern regarding the gig economy,
many scholarly works on technological developments concentrate on drivers of growth
for this new employment sector. In this work, we consolidate many of the aforementioned
areas of research and, from game theoretical perspective, study the influence of policy,
technology and market changes on firm and laborer preferences in the gig economy.

As the modern gig economy grows out of its unhampered infancy, policy makers and
researchers alike are presented the question of how this market should be regulated [11,27].
Undefined ordinance allows new competitors leveraging gig work to play by different
rules than industry incumbents, a result of ambiguous labor laws that enable firms to shift
economic burdens onto the gig laborer [25,28,29]. In industry, some governments have
mandated that firms more closely classify gig workers as employees, a decree that demands
additional securities for gig laborers [30,31]. The question as to whether or how this new
labor sector should be policed remains unanswered, an inquiry of apprehension we aim to
inform about in the present work.

Pioneered by John von Neumann [32], the study of modern game theory anchors
itself in the assumption that players make rational decisions based on the respective payoff
incentives conferred with each strategy [33–35]. Although modern game theory initially
focused on static theories, differential game theory, a subject introduced by Rufus Isaacs,
considers the state of players with time as a continuous variable [36]. While classical game
theory was developed to address questions in economics [34,37], the field of evolutionary
game theory, a theoretical extension that models how populations change strategies over
time [38], finds its roots in biology [33,38]. Since its inception in 1973 [33], evolutionary
game theory has broadened in application beyond its early biological origins to study
social interactions and population behaviors across various academic fields [38–43].

In evolutionary dynamics, the approach with the replicator equation is most notable.
Originally presented by Taylor and Jonker in 1978 [44] and formally named by Schuster
and Sigmund [45], the replicator equation determines the evolution of the composition of
strategies in a population [46].

Using a game-theoretical approach, we investigate both firm and individual labor
considerations as well as the economic influences of markets, technology and policy on
labor preferences in the gig economy. In this paper, we present new conceptual extensions
to the replicator equation, oscillating replicator dynamics with attractor arcs, formally,
an oscillating replicator dynamics of two player asymmetric bi-matrix games with time-
evolving environment. Previous studies have analyzed oscillating tragedy of the commons
for evolutionary games with environmental feedback [35,47–51]. Economic behavior in the
labor economy has been investigated through the lens of both evolutionary game theory
and differential game theory [52–55]. For instance, Sadik-Zada derived feasible bargaining
equilibria including the antagonistic and the allocation modes, based on a non-cooperative
differential game model [52]. Using the framework of replicator dynamics [44,46,56], we
model the evolutionary behavior of firm and laborer preferences for gig strategies. While
we base our model on existing works in evolutionary dynamics, ours, to our knowledge,
is the first to introduce the concept of the attractor arc, environment-actuated driven
oscillation, trapping zone and escape. We discover an oscillatory fluctuation between labor
strategies across market cycles as well as additional transformations resulting from various
technology and policy landscapes.

In this paper, we impart three notable contributions to the field of evolutionary dynamics
and existing literature on the gig economy (and more broadly non-standard work arrange-
ments). First, we introduce a new type of game, replicator dynamics with attractor arcs. We
present our model by formalizing our concepts of the attractor arc, environment-actuated
driven oscillation, trapping zone and escape. While canonical applications of evolutionary
game theory focus on the evolutionary stable strategy (ESS), our model assumes that the
system exhibits oscillatory dynamics and can persist for long temporal intervals in a pseudo-
stable state. In our theoretical extensions, we show how the attractor arc can drift around the
phase space and change orientation to reflect evolving labor market composition and dynamic
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strategy sensitivities. Second, we present a generalized model to study labor economies and
demonstrate how market, technology and policy influence labor strategies in three distinct
dynamics. Third, we establish an aggregate economic framework to explain how market,
technology and policy environments engage in an interlocking dance, a balancing act, to
sustain the co-existence of gig and employee labor strategies.

As detailed below, we provide researchers, policy makers and industrialists alike
with a proof-of-concept evolutionary game theory approach along with an environment-
dependent payoff generation framework for better understanding firm and laborer behav-
iors in the gig economy. Our modeling framework and the concepts including attractor
arc, trapping zone and pseudo-stable state can be used to demonstrate how technology is a
driver of change in the labor economy and how policy is integral to the sustainability of
new systems and the protection of involved parties. The present paper aims to further com-
prehension of micro and macro influences on firm and laborer incentives for gig adoption
in these regards.

2. Material and Methods
2.1. Overview

In this section, we derive our evolutionary model, replicator dynamics with attractor
arcs, and apply the modeling analysis to theoretical payoffs. We apply replicator dynamics
to model changes in firm and laborer preferences for gig labor across bear and bull markets.
Thereafter, in two theoretical extensions, we detail how changes in payoffs can be applied
to study technology and policy leverage in the gig economy. Finally, we establish an
aggregate theory that addresses the treble of evolutionary dynamics under technology,
policy and market influence and discuss implications for the labor economy.

2.2. Evolutionary Dynamics of Gig Economy Labor Preferences

As what follows, we detail the derivation and characteristics of our evolutionary
model. First we introduce the replicator equations for 2 × 2 asymmetric bi-matrix games.
By means of two sample bi-matrices, we analyze the phase diagrams and discuss saddle
points and initial conditions. Finally, we explore oscillatory dynamics and introduce our
theory on the attractor arc, trapping zones, environment-actuated driven oscillation and
escape. In the following sections, we apply the model to our generated payoffs.

Replicator Equations for Asymmetric Bi-Matrix Games

In our model, we employ the replicator equation, a differential equation that de-
termines the evolving composition of strategies in a population [46,56,57], to study gig
economy labor strategies. In particular, we are interested in how firm and laborer prefer-
ences for gig labor strategies evolve across market cycles. We provide the general replicator
equation where xi denotes the proportion of strategy type i in the population, πi is the
fitness of strategy type i and π represents the average payoff across the entire population.
Fitness of a strategy type can be understood as the expected payoff for that strategy.

ẋi = xi(πi − π) (1)

For asymmetric bi-matrix games, replicator equations take the following form where ẋi
denotes the evolution for player 1 strategies and ẏi denotes the evolution for player 2
strategies. In our model, player 1 is the laborer and player 2 is the firm. A and B denote
the respective payoffs in matrix form for players 1 and 2. ~x and ~y denote the strategies for
players 1 and 2, respectively. In vector form, the strategy set for laborers is represented
as ~x = (x1, x2)

T and the strategy set for firms as ~y = (y1, y2)
T ; type 1 strategies typify gig

and type 2, employee. Each strategy takes a value in the domain [0,1] and represents the
probability that the strategy is selected; therefore, x1 + x2 = 1 and y1 + y2 = 1.

ẋi = xi((A~y)i −~x · (A~y)) (2)
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ẏj = yj((B~x)j −~y · (B~x)) (3)

Selection intensity, denoted with ω ∈ [0, 1], represents the frequency in which firms and
laborers interact in the labor market. When firms and laborers do not interact in the labor
market, the composition of employees and gig workers remains constant. When firms
and laborers choose to participate in the labor market (i.e., firms hiring for and laborers
seeking new employment roles), gig and employee decisions are determined based on
respective payoff incentives, and the composition of employees and gig workers evolves
accordingly. Firms and laborers will only interact in the labor market when they recognize
evolving environments that influence existing strategy payoffs. Here, selection intensity
can also be understood as the rate at which firms and laborers realize external factors that
cause them to shift strategy preferences. In evolutionary game theory, this social learning
process can be modeled as the Moran process [46,58]. The Moran process proceeds as a
stochastic process where one labor contract ends and a new labor contract arises to reflect
the latest firm and laborer preferences, which are modeled by the fitness of each strategy
type. In our model, ω constitutes the rate of change for strategy densities in firm and
laborer populations. For ω = 0, the fitness of the strategy type is 0 as the player does not
interact in the labor market, and the rate of change for gig-employee strategy densities is
0. When ω = 1, the fitness f equates to the payoff π for the strategy type, and firms and
laborers engage in the labor market at the maximum cadence. We have

f = 1−ω + ωπ (4)

Since each player’s strategy set sums to 1, we can mathematically represent our model
with just x1 and y1. For 2 × 2 bi-matrix games incorporating selection intensity, replicator
equations can be represented in the following form:

ẋ1 = ωx1(1− x1)((A~y)1 − (A~y)2) (5)

ẏ1 = ωy1(1− y1)((B~x)1 − (B~x)2) (6)

Our model involves a pair of GameStates. GameState pairs consist of a labor economy,
whether that of a country or of a single firm, in a bear and bull market. Subscripts l and f
denote laborer and firm payoffs, respectively. We append 0 and 1 to the payoff subscripts
to denote bear and bull market GameStates, respectively.

Authors’ names blinded for peer review
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Our model involves a pair of GameStates; GameState pairs consist of a firm category in a bear

and bull market. For instance, Small Low Bear and Small Low Bull make up a GameState pair

that portrays a small low skill firm in bear and bull markets. Subscripts l and f denote laborer

and firm payo↵s respectively. We append 0 and 1 to the payo↵ subscripts to denote bear and bull

market GameStates respectively.

Bear Market GameState

Laborer\Firm Gig Employee
Gig [al0, af0] [bl0, bf0]
Employee [cl0, cf0] [dl0, df0]

Bull Market GameState

Laborer\Firm Gig Employee
Gig [al1, af1] [bl1, bf1]
Employee [cl1, cf1] [dl1, df1]

We reconstitute our pair of GameState matrices, disjoining firm and laborer payo↵s.

LBear =

✓
al0 bl0

cl0 dl0

◆
LBull =

✓
al1 bl1

cl1 dl1

◆

FBear =

✓
af0 bf0

cf0 df0

◆T

FBull =

✓
af1 bf1

cf1 df1

◆T

An environment coe�cient, n 2 [0,1], represents market condition. n = 0 denotes the bear

market and n = 1 denotes the bull market. n can take any value between 0 and 1; for instance,

n = 0.5 signifies that the environment is a neutral market, the midway point in a transition

between bear and bull market conditions. Applying this environment coe�cient, we rephrase our

firm and laborer payo↵s to account for the domain of market conditions.

A(n) = LGeneral =

✓
(1�n)al0 + nal1 (1�n)bl0 + nbl1

(1�n)cl0 + ncl1 (1�n)dl0 + ndl1

◆

B(n) = FGeneral =

✓
(1�n)af0 + naf1 (1�n)bf0 + nbf1

(1�n)cf0 + ncf1 (1�n)df0 + ndf1

◆T

We apply our general firm and laborer payo↵s to our replicator equations and conclude our deriva-

tion.

ẋ1 = !x1(1�x1)(([(1�n)al0 + nal1]y1 + [(1�n)bl0 + nbl1](1� y1))

� ([(1�n)cl0 + ncl1]y1 + [(1�n)dl0 + ndl1](1� y1)))
(7)

ẏ1 = !y1(1� y1)(([(1�n)af0 + naf1]x1 + [(1�n)cf0 + ncf1](1�x1))

� ([(1�n)bf0 + nbf1]x1 + [(1�n)df0 + ndf1](1�x1)))
(8)

We reconstitute our pair of GameState matrices, disjoining firm and laborer payoffs.

LBear =

(
al0 bl0
cl0 dl0

)
LBull =

(
al1 bl1
cl1 dl1

)
(7)

FBear =

(
a f 0 b f 0
c f 0 d f 0

)T

FBull =

(
a f 1 b f 1
c f 1 d f 1

)T

(8)

An environment coefficient, n ∈ [0, 1], represents market condition. n = 0 denotes the
bear market and n = 1 denotes the bull market. n can take any value between 0 and 1; for
instance, n = 0.5 signifies that the environment is a neutral market, the midway point in a
transition between bear and bull market conditions. Having introduced this environment
coefficient, selection intensity ω, can be understood as the social learning rate at which
firms and laborers acknowledge the economic landscape and realize new payoffs for each
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strategy. In our model, payoffs A and B are functions of time, but selection intensity ω is a
constant. Applying this environment coefficient, we rephrase our firm and laborer payoffs
to account for the domain of market conditions.

A(n) = LGeneral =

(
(1− n)al0 + nal1 (1− n)bl0 + nbl1
(1− n)cl0 + ncl1 (1− n)dl0 + ndl1

)
(9)

B(n) = FGeneral =

(
(1− n)a f 0 + na f 1 (1− n)b f 0 + nb f 1
(1− n)c f 0 + nc f 1 (1− n)d f 0 + nd f 1

)T

(10)

We apply our general firm and laborer payoffs to our replicator equations and conclude
our derivation.

ẋ1 = ωx1(1− x1)(([(1− n)al0 + nal1]y1 + [(1− n)bl0 + nbl1](1− y1))

− ([(1− n)cl0 + ncl1]y1 + [(1− n)dl0 + ndl1](1− y1)))
(11)

ẏ1 = ωy1(1− y1)(([(1− n)a f 0 + na f 1]x1 + [(1− n)c f 0 + nc f 1](1− x1))

− ([(1− n)b f 0 + nb f 1]x1 + [(1− n)d f 0 + nd f 1](1− x1)))
(12)

3. Results
3.1. Key Concepts and Theoretical Analysis of the Evolutionary Game Theory Model
3.1.1. System Equilibria

In Appendix A.1, we solve for our evolutionary system’s fixed points for the general
case. For each fixed point, we examine the stability of the equilibrium by analyzing the
eigenvalues of the Jacobian matrix. We find that our system has two stable fixed points at
(0, 0)∗ and (1, 1)∗, two unstable fixed points at (0, 1)∗ and (1, 0)∗, and a saddle point whose
position depends on firm and laborer payoff values.

3.1.2. Saddle Points

We provide analysis for the saddle point with a theoretical GameState pair (we refer
to Appendix A for the theoretical analysis of general cases), see Figure 1. We note that
the selected theoretical payoff matrices are used in demonstrations only and have no
relationships to any specific labor economy. In future sections, we generalize the model
with general payoffs. For simplification purposes, we assign all mismatching strategies a
payoff of 0 as no mutual labor agreement is made between firm and laborer.
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4.2. System Equilibria

In Appendix B.1, we solve for our evolutionary system’s fixed points for the general case. For

each fixed point, we examine the stability of the equilibrium by analyzing the eigenvalues of the

Jacobian matrix. We find that our system has two stable fixed points at (0,0)* and (1,1)*, two

unstable fixed points at (0,1)* and (1,0)*, and a saddle point whose position depends on firm and

laborer payo↵ values.

4.3. Saddle Points

We provide analysis for the saddle point with a theoretical GameState pair. For simplification

purposes, we assign all mismatching strategies a payo↵ of 0 as mismatching strategies take marginal

values in respect to matching strategies.

(a) Bear Market GameState

Laborer\Firm Gig Employee
Gig [9, 3] [0, 0]
Employee [0, 0] [2, 7]

(b) Bull Market GameState

Laborer\Firm Gig Employee
Gig [3, 8] [0, 0]
Employee [0, 0] [6, 2]

Figure 1 Theoretical GameState Pair Payo↵ Matrices Used in Demonstrations

In the bear market GameState, al > dl and af < df . The laborer receives a higher payo↵ for

competing as a gig worker (payo↵: 9 vs. 2) and the firm receives a higher payo↵ for hiring an

employee (payo↵: 3 vs. 7).

In the bull market GameState, al < dl and af > df . The laborer receives a higher payo↵ for

competing as an employee (payo↵: 3 vs. 6) and the firm receives a higher payo↵ for hiring a gig

worker (payo↵: 8 vs. 2).

4.3.1. Saddle Point Geographies In our phase diagrams, y1 denotes firm strategy for gig

and x1 denotes laborer strategy for gig, consistent with our replicator equations.

Payo↵ relationships determine the geography of the saddle point. We list the general conditions

for saddle point positions in regard to our quadrant legend.

Quadrant I: al < dl and af < df

Quadrant II: al < dl and af > df

Quadrant III: al > dl and af > df

Quadrant IV: al > dl and af < df

Indeed, the saddle point for the bear GameState is located at ( 7
10

, 2
11

) in quadrant IV. The saddle

point for the bull GameState sits at ( 1
5
, 2
3
) in quadrant II.

a b

Figure 1. Theoretical GameState pair payoff matrices used in demonstrations. (a) Bear market
GameState; (b) bull market GameState.

In the bear market GameState, al > dl and a f < d f . The laborer receives a higher
payoff for competing as a gig worker (payoff: 9 vs. 2) and the firm receives a higher payoff
for hiring an employee (payoff: 3 vs. 7).

In the bull market GameState, al < dl and a f > d f . The laborer receives a higher
payoff for competing as an employee (payoff: 3 vs. 6) and the firm receives a higher payoff
for hiring a gig worker (payoff: 8 vs. 2).

3.1.3. Saddle Point Geographies

In our phase diagrams, y1 denotes firm strategy for gig and x1 denotes laborer strategy
for gig, consistent with our replicator equations.
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Payoff relationships determine the geography of the saddle point. We list the general
conditions for saddle point positions in regard to our quadrant legend, see Figure 2.

Quadrant I: al < dl and a f < d f ;
Quadrant II: al < dl and a f > d f ;
Quadrant III: al > dl and a f > d f ;
Quadrant IV: al > dl and a f < d f .

Figure 2. Saddle point geographies with theoretical GameState payoffs, see Figure 1. (a) Bear GameState, n = 0; (b) bull
GameState, n = 1; (c) quadrant legend. x1 and y1 denote laborer and firm preference for gig work, respectively, where the
value of 1.0 represents a universal gig strategy and the value of 0.0 represents a universal employee strategy.

Indeed, the saddle point for the theoretical bear GameState is located at ( 7
10 , 2

11 ) in
quadrant IV. The saddle point for the theoretical bull GameState sits at ( 1

5 , 2
3 ) in quadrant II.

3.1.4. Attractor Arc, Driven Oscillation and Trapping Zones
Attractor Arc

In our model, we refer to our model’s saddle point as an attractor (more strictly, which
acts as an attractor for some trajectories and a repellor for others), a term we adopt and
extend from the mathematical study of dynamical systems which describes a locale in the
phase space that the system gravitates towards [59,60].

For a dynamical system with an environment n that does not change states as a
function of time, ṅ = 0, the system will evolve to one of the two stable equilibria at (0, 0)∗

or (1, 1)∗ dependent on initial condition; the system represents the composition of gig
strategies in firm (y) and laborer (x) populations. In Figure A1 in Appendix A.1.3, we
demonstrate this concept with n = 0, denoting the bear market GameState, and initial
conditions ( 1

4 , 1
4 ) and ( 3

4 , 3
4 ) to show two evolutionary paths.

For a dynamical system with an environment n that evolves as a function of time,
ṅ 6= 0, phenomena of interest is centered around the attractor arc. The attractor arc repre-
sents the entirety of possible attractor (saddle point) positions given n ∈ [0, 1]. Mathemati-
cally speaking, the attractor arc defined in the present work can be viewed as an invariant
manifold; if starting from one given point at the attractor arc, the system’s trajectories
under changing market conditions will remain on the arc. To graphically represent the
attractor arc, we superimpose our theoretical bear, n = 0, and bull, n = 1, GameState phase
diagrams and plot the saddle points for all n ∈ [0, 1]. The phase diagram for n = 0 is
superimposed in orange while that of n = 1 is superimposed in blue. Below, the attractor
arc is represented in purple. It is important to note that while this superimposed visual
exhibits five reference saddle points, only one saddle point exists at any given time t.

We attain the preceding arc (see Figure 3) by collapsing the three dimensional [x1,y1,n]
attractor arc (see Figure 4) onto x1 and y1 dimensions.
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Figure 3. 2D attractor arc mapping on superimposed theoretical GameState payoff when n = 0 and
n = 1, see Figure 1. The attractor arc represents the entirety of possible attractor positions given
n ∈ [0, 1]. Reference points on the attractor arc demonstrate attractor positions when n = 0, n = 0.25,
n = 0.5, n = 0.75 and n = 1.

Figure 4. 3D attractor arc. The 3D arc is represented in yellow with reference attractor positions
when n = 0, n = 0.25, n = 0.5, n = 0.75 and n = 1. The projected 2D arc is represented in purple,
consistent with the antecedent diagram, see Figure 3. Nullclines for n = 0 and n = 1 are illustrated
in green and red, respectively.

For our demonstrations, we apply a simple step-wise function for ṅ such that the
environment instantaneously alternates between n = 0 and n = 1 every 5 time units, see
Figure A2 in Appendix A.1.3. Regarding the economy, this implies that a bull market
will persist for 5 time units before transitioning to a bear market which will also persist
for 5 time units. For clarity, we plot our selected ṅ to help visualize the rate of change
for the environment. Notably, our step-wise ṅ implies that the attractor will jump from
the two extremes of the attractor arc corresponding to n = 0 and n = 1. While we
provide a reference attractor arc in all demonstrations, our ṅ implies the attractor will
not take an intermediary position on the arc. We note that the selected ṅ is solely used in
demonstrations to help illustrate each dynamic in a simple manner. More generally, our
framework can be applied to general time-varying dynamics n(t) of market cycles that are
exogenously driven or endogenously by the collective gig strategy evolution [49,51]. In
reality, n(t) can take any function, which we discuss further in later sections.
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3.1.5. Shepherding Attractors, Driven Oscillation and Trapping Zones

For a given pair of GameStates, ṅ determines the orbit and moving speed of the
attractor. As the attractor orbits the attractor arc, the attractor’s oscillation can drive the
system to oscillate as well. We refer to this as a driven oscillation. Near the attractor
arc, there exists a trapping zone. We introduce the trapping zone as a region where the
system can persist in a pseudo-stable state for numerous cycles of environment change. We
highlight this kind of trapping zone (in the sense that the dynamics can oscillate within this
“attraction” zone in between market conditions) using nullclines of the systems at market
conditions (n = 1 and n = 0), which fully characterize the regions of pseudo-stable states
admitting such oscillations arising from market condition changes (see Figures 4 and 5).
Here, the attractor has a shepherding role. In order for the attractor to herd the system
for numerous periods, ω 6= 0 must be small enough compared to ṅ 6= 0 such that the
system does not escape the ends of the attractor arc. A simple analogy can help elucidate
this concept. The attractor behaves as a shepherd who can only move along one line, the
attractor arc. The system behaves like a sheep that is running towards or away from the
shepherd, depending on the orientation of the attractor arc. The shepherding attractor
must move from one end of the arc to the other faster than the sheep in order to trap it. If
the sheep reaches an escape boundary such that the shepherding attractor can not keep up,
it will escape and end up at one of the two stable equilibria at (0, 0)∗ or (1, 1)∗. Escape from
the trapping zone depends on the non-trivial relationship between ṅ and ω. Therefore,
given ω is very small, such that the system is evolving much slower than the attractor,
the trapping zone behaves as a pseudo-stable equilibrium between a pair of GameStates.
Without environmental changes, the system remains stationary at the attractor arc, and it
will slowly escape to one of the stable equilibria.

Figure 5. Concept visuals: Shepherding attractors and driven oscillation. (a) Evolution in bear market; (b) evolution in
bull market; (c) driven oscillation. In (a,b), we plot the evolutionary trajectories for a bear and bull market. For each phase
diagram, green denotes initial condition, red denotes ending destination and yellow denotes the evolutionary path. In (c), a
reference attractor arc is plotted in purple and attractor positions at n = 0 and n = 1 are represented in orange and blue,
respectively. The trapping zone orbit is plotted in yellow. The opaque black ellipse is a background element for visual
contrast. This oscillation models ω = 0.5 and initial conditions n = 1 and (0.45, 0.4), the attractor position when n = 0.5. In
this figure, we use a relatively large ω for the purpose of visualizing the evolution in (a,b). In (c), nullclines for n = 0 and
n = 1 are illustrated in green and red, respectively. The central region demarcated by the nullclines is an attraction zone
where trapping behavior is possible.

Escape and Implications

Assuming that the system has previously existed by oscillating in the trapping zone,
escape is possible if there is a perturbation that changes ṅ and or ω such that the system
reaches escape boundary. Once the system reaches escape boundary, the system will
eventually escape the trapping zone to one of the stable equilibria at (0, 0)∗ or (1, 1)∗, see
Appendix A.2.
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With escape, it is important to note that initial condition is crucial in determining
which stable equilibrium the system escapes to. If ω increases twenty-fold such that the
system reaches escape boundary at the start of a bear market, n = 0, rather than at the start
of a bull market, n = 1, the system evolves to (0, 0)∗ rather than (1, 1)∗. A claim based
on which of the two stable equilibria the system escapes to is indefensible, as this result
is subject to the initial conditions. As such, we theorize the possibility of escape but do
not run our models to make a claim for a specific escape destination. Therefore, we can
only conclude that changes in ṅ and ω can allow the system to reach escape boundary and
result in an accelerated escape to one of the two stable equilibria. However, we can not
conjecture which stable equilibrium the system escapes to.

Selection of Initial Conditions

When applying this model, it is unfitting to prepare any arbitrary initial condition
because different initial conditions can result in different evolutionary outcomes, see
Appendix A.2.3. Therefore, all findings or claims fixating on a specific ESS can be countered
with the selection or preparation of another initial condition.

In our model, we presume that some co-existence of gig and employee strategies has
always been present in the labor market. Our evolutionary system informs us that if the labor
market consisted of only one type of worker (gig or employee) in the past, there would be
no co-existence of gig and employee strategies today, as the system would have remained
fixated on that ESS; therefore, we reason that the present day co-existence of gig and employee
strategies necessitates a historical co-existence of gig and employee strategies.

Mathematically, this implies that our system has always been “trapped” in a state of
oscillatory dynamics up until the observable present-day. Appropriately, in this work, we
have defined the mechanism that “traps” the system in this pseudo-stable state of gig and
employee co-existence.

Regarding the gig economy, we assume that observable fluctuations in labor strategies
reflect the system oscillating within the trapping zone (i.e., what we observe is pseudo stable
state at all times). It is sensible for our system to evolve within the pseudo-stable trapping
zone as this represents the present-day domain of oscillatory dynamics and observable
co-existence of gig and employee strategies. Therefore, any point in the trapping zone is
a suitable initial condition. In our models, we use the attractor position at n = 0.5, the
midway point between a bear and bull market transition, as an estimator for a point in the
trapping zone.

Attractor Arc Drift and Tilt

If we consider payoffs as a function of time, Ȧ, Ḃ 6= 0, the attractor arc itself will
evolve, see Figure 6. Accordingly, this implies the trapping zone will change position with
the attractor arc because the system’s orbit is a driven oscillation. Assuming the system
exists by always oscillating in the pseudo-stable trapping zone, evolving payoffs can help
explain how the system’s orbit, an orbit in the trapping zone, can move around the phase
space. The shape and orientation of the arc at any given time t depends on Ȧ and Ḃ. In
later sections, we investigate payoff operations that cause the attractor arc to drift (change
position in the phase space) and tilt (change orientation in the phase space).
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a b

Figure 6. Concept visuals: Attractor arc drift and arc tilt. (a) Attractor arc drift Ȧ, Ḃ 6= 0; (b) attractor
arc tilt Ȧ, Ḃ 6= 0. In (a), the green arc applies the theoretical GameState pair payoff, see Figure 1,
and the red arc applies a high employee payoff matrix operation, see Figure 12. In (b), the green arc
applies the theoretical GameState pair payoff, see Figure 1, and the red arc applies a lenient policy
matrix operation, see Figure 14.

3.2. Market Influences on Firm and Laborer Gig Preference

In this section, we introduce a generalized framework that demonstrates how evolv-
ing market conditions effectuate oscillating labor dynamics. First, we demonstrate how
oscillating dynamics can be analyzed in the context of the gig economy by presenting
two theoretical examples and interpreting their contrasting dynamics. We note that the
theoretical payoffs used in demonstrations have no relationship to any specific labor econ-
omy. After demonstrating how dynamics can be interpreted, we establish a generalized
framework for market influenced oscillatory dynamics that can be applied to general
payoff values. Finally, we discuss payoff generation by exploring labor considerations that
influence firm and laborer payoffs.

3.2.1. Interpretations of Market Influenced Dynamics

To demonstrate how dynamics can be interpreted, we present two theoretical examples
where observed labor strategy densities evolve over the period of three market cycles.
The two examples leverage theoretical payoff matrices, specifically chosen to illustrate
contrasting dynamics.

Market Influence on Labor Dynamics, Example No. 1

In our first example, see Figure 7, we model market influenced oscillatory dynamics over
three market cycles with the theoretical payoff matrices from Figure 1. The simulation begins
at the start of a bull market, n = 1. It is important to note that the geographical relationship
between attractor positions at n = 0 and n = 1 determines the direction of dynamics. In this
specific example, the attractor arc is negatively sloped with the attractor position at n = 0 and
n = 1 located in quadrant IV and quadrant II, respectively. Attractor positions at n = 0 and
n = 1 are represented in orange and blue, respectively. Directional dynamics during bear and
bull markets are represented by the orange and blue arrows, respectively.

On one hand, during a bull market, firm preference for gig strategies increases while
laborer preference for gig strategies decreases. On the other hand, during a bear market,
firm preference for gig strategies decreases while laborer preference for gig strategies
increases. Here, we observe mismatching oscillatory dynamics for firm and laborer gig
preferences when market conditions change.
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Figure 7. Theoretical market demonstration No. 1: Evolution of strategy densities under market influence with initial
conditions (0.45, 0.40), the attractor position at n = 0.5, an approximation for a point in the trapping zone; n = 1, a bull
market; ω = 0.01; and theoretical payoff matrices from Figure 1. (a) Trapping zone orbit. (b) Attractor arc. (c) Labor strategy
oscillation over three market periods. In (a), the trapping zone orbit is plotted in yellow, and attractor positions at n = 0 and
n = 1 are represented in orange and blue, respectively. Directional dynamics during bear and bull markets are represented
by the orange and blue arrows, respectively. In (b), we plot a reference attractor arc in purple with attractor positions when
n = 0, n = 0.25, n = 0.5, n = 0.75 and n = 1. (c) visualizes the fluctuation in firm and laborer preferences for gig strategies
over three market cycles.

Market Influence on Labor Dynamics, Example No. 2

In our second example, see Figure 8, we model market influenced oscillatory dynamics
over three market cycles with the theoretical payoff matrices from Figure A6 in Appendix B.
The simulation begins at the start of a bull market, n = 1. In this example, the attractor arc
is positively sloped with the attractor position at n = 0 and n = 1 located in quadrant III
and quadrant I, respectively.

In a bull market, both firm and laborer preferences for gig strategies increase. During
a bear market, both firm and laborer preferences for gig strategies decrease. Here, we
observe matching oscillatory dynamics for firm and laborer gig preferences when market
conditions change.
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Figure 8. Theoretical market demonstration No. 2: Evolution of strategy densities under market
influence with initial conditions (0.55, 0.40), the attractor position at n = 0.5, an approximation for
a point in the trapping zone; n = 1, a bull market; ω = 0.01; and theoretical payoff matrices from
Figure A6 in Appendix B. (a) Trapping zone orbit. (b) Attractor arc. (c) Labor strategy oscillation
over three market periods. In (a), the trapping zone orbit is plotted in yellow, and attractor positions
at n = 0 and n = 1 are represented in orange and blue, respectively. Directional dynamics during
bear and bull markets are represented by the orange and blue arrows, respectively. In (b), we plot
a reference attractor arc in purple with attractor positions when n = 0, n = 0.25, n = 0.5, n = 0.75
and n = 1. (c) visualizes the fluctuation in firm and laborer preferences for gig strategies over three
market cycles.

3.2.2. Generalized Framework for Market Influenced Oscillatory Dynamics

In our two examples, we illustrate contrasting market influenced oscillatory dynam-
ics and provide basic interpretations. Indeed, dynamics are determined based on the
geographical relationship between the attractor location at n = 0 and n = 1. Revisiting
Section 3.1.3, we note that attractor positions at n = 0 and n = 1, which constitute the arc,
are governed by payoff inequalities.

The proposed evolutionary model can be used to study any labor economy, whether
it be that of a country, a skill-partitioned subset of a country or a single firm. For each labor
economy, however defined, firms and laborers may have unique payoff considerations,
resulting in labor economy specific payoff inequalities. Economy-specific payoffs govern
the attractor arc and influence the observed dynamics of the studied labor ecosystem.

In this section, we present a generalized framework for market influenced oscillatory
dynamics that is indiscriminate of labor economy specific payoffs. To begin, we rephrase
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bull market payoffs in terms of bear market payoffs and a market δ, which captures how
labor preference varies from a bear to bull market (see Figure 9).

Our model involves a pair of GameStates; GameState pairs consist of a firm
category in a bear and bull market. For instance, Small Low Bear and Small
Low Bull make up a GameState pair that portrays a small low skill firm in bear
and bull markets. We append 0 and 1 to the payo↵ subscripts to denote bear
and bull market GameStates respectively.

Bear Market GameState, n = 0

Laborer\Firm Gig Employee
Gig [al0, af0] [0, 0]
Employee [0, 0] [dl0, df0]

Bull Market GameState, n = 1

Laborer\Firm Gig Employee
Gig [al0 + �an

l , af0 + �an
f ] [0, 0]

Employee [0, 0] [dl0 + �dn
l , df0 + �dn

f ]

3

a b

Figure 9. n = 1 payoffs represented in terms of n = 0 payoffs. (a) Bear market, n = 0. (b) Bull market, n = 1. We rephrase
bull market payoffs in terms of bear market payoffs and a market δ, which captures how labor preference varies from a bear
to bull market. For simplification purposes, we assign all mismatching strategies a payoff of 0 as no mutual labor agreement
is made between firm and laborer.

Next, we normalize payoffs during a bear market, n = 0.
al0 = a f 0 = dl0 = d f 0 = 1

Once normalized, the attractor location when n = 0 is located at ( 1
2 , 1

2 ) in the phase
space. The payoff inequalities between market δ terms for each firm and laborer strategy
determine the attractor location at n = 1. Therefore, the relationship between market δ
terms illustrate how the attractor position at n = 1 is geographically positioned relative to
that at n = 0.

In Figure 10, we present a generalized map of directional dynamics through the lens
of a normalized n = 0 payoff.

Figure 10. Directional framework for market influenced dynamics with normalized bear market
payoffs. Directional dynamics are presented through the lens of a normalized n = 0 payoff. The
attractor position at n = 0 is represented in orange. Four theoretical attractor positions at n = 1,
represented in blue, are depicted in quadrants I through IV. Directional dynamics during bear and
bull markets are represented by the orange and blue arrows, respectively. A single attractor arc is
illustrated in purple to demonstrate when the attractor position at n = 1 is located in quadrant II in
respect to a normalized attractor position at n = 0. Here, directional dynamics are similar to our first
theoretical example, see Figure 7.

3.2.3. Payoff Generation

To generate strategy payoffs for a specific labor economy, a combination of firm-specific
and laborer-specific considerations must be evaluated. For example, firm payoffs may reflect
the cost of labor, worker reliability, enterprise-scalability, talent acquisition costs and marginal
benefits accrued from labor flexibility. For the laborer, compensation, career mobility, stress,
benefits, status and flexibility are some examples of inputs that can influence strategy payoffs.
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Weights of the selected labor considerations may change in bear and bull markets to reflect
how firms and laborers adapt to evolving economic environments.

In the Supplementary Materials, we provide four examples of payoff generation in
which we scope the labor economy to a small low-skill firm, a small high-skill firm, a
large low-skill firm and a large high-skill firm. We derive payoffs from a confluence of
labor considerations across market conditions and provide a comparative analysis for the
simulated labor economies.

3.3. Technology Influences on Firm and Laborer Gig Preference

After we demonstrate that the system oscillating within the trapping zone reflects
observable fluctuations in gig strategy densities across market conditions, we proceed to
explore the role of technology in the gig economy.

In this theoretical extension, we introduce a framework that demonstrates how tech-
nology influences labor payoffs and the growth of the gig economy. To begin, we analyze
the nature in which evolving payoffs, Ȧ, Ḃ 6= 0, shift the position of the attractor arc. We
use the theoretical GameState pair, see Figure 1, as our reference payoff matrix pair. Let us
assume that the reference payoff matrix pair represents present-day payoffs. As shown
below, the reference attractor arc is rendered in yellow.

To demonstrate the position of the attractor arc when gig strategies offer high payoffs,
we add δaq to the reference payoff matrix pair for all matching gig strategies where δaq

denotes a technology-driven increase in gig strategy payoffs, see Figure 11. The attractor
arc for high gig payoffs is represented in blue, see Figure 13a.

Laborer\Firm Gig Employee
Gig [al0 � �ap, af0 + �ap] [bl0, bf0]
Employee [cl0, cf0] [dl0, df0]

Laborer\Firm Gig Employee
Gig [al1 � �ap, af1 + �ap] [bl1, bf1]
Employee [cl1, cf1] [dl1, df1]

Figure 3: Lenient Policy, Matrix Operation

In the course of strict policy enactment, governments demand firms to more
closely classify gig workers as employees. For instance, a government may man-
date that firms provide benefits and additional protections to gig laborers. Ac-
cordingly, gig workers benefit as they receive additional worker protections and
increased welfare. To model the payo↵ during a period of strict policy ordi-
nance, we add 3 from the laborer’s gig payo↵ and subtract 3 to the firm’s gig
payo↵. The attractor arc for strict policy ordinance is represented in blue.

Laborer\Firm Gig Employee
Gig [al0 + �ap, af0 � �ap] [bl0, bf0]
Employee [cl0, cf0] [dl0, df0]

Laborer\Firm Gig Employee
Gig [al1 + �ap, af1 � �ap] [bl1, bf1]
Employee [cl1, cf1] [dl1, df1]

Figure 4: Strict Policy, Matrix Operation

Laborer\Firm Gig Employee
Gig [al0 + �aq, af0 + �aq] [bl0, bf0]
Employee [cl0, cf0] [dl0, df0]

Laborer\Firm Gig Employee
Gig [al1 + �aq, af1 + �aq] [bl1, bf1]
Employee [cl1, cf1] [dl1, df1]

Figure 5: High Gig Payo↵, Matrix Operation

To demonstrate the position of the attractor arc when employee strategies
o↵er high payo↵s, we add 10 to the reference payo↵ matrix pair for all matching
employee strategies. The attractor arc for high employee payo↵s is illustrated
in red.

4

a b

Figure 11. High gig payoff, matrix operation. (a) High gig payoff, n = 0; (b) high gig payoff, n = 1.

To demonstrate the position of the attractor arc when employee strategies offer high
payoffs, we add δdq to the reference payoff matrix pair for all matching employee strategies
where δdq denotes a technology-driven increase in employee strategy payoffs, see Figure 12.
The attractor arc for high employee payoffs is illustrated in red, see Figure 13b.

Laborer\Firm Gig Employee
Gig [al0, af0] [bl0, bf0]
Employee [cl0, cf0] [dl0 + �dq, df0 + �dq]

Laborer\Firm Gig Employee
Gig [al1, af1] [bl1, bf1]
Employee [cl1, cf1] [dl1 + �dq , df1 + �dq]

Figure 6: High Employee Payo↵, Matrix Operation

5

a b

Figure 12. High employee payoff, matrix operation. (a) High employee payoff, n = 0; (b) high employee payoff, n = 1.

3.3.1. Technology and the Neoteric Growth of the Gig Economy

In recent decades, the gig economy has ballooned from relative obscurity to more
than one third of the labor market [3]. Mapped to our model, this growth implies that the
attractor arc evolved from a region near (0, 0)∗ towards (1, 1)∗; this is pictured as a shift
from the blue arc to the yellow arc, indicating an increase in gig workers.

Our model suggests that the premature gig economy (see Figure 13a), which consisted
of fewer workers pursuing non-standard or gig employment, involved gig labor that
averaged higher payoffs compared to employee labor (see Figure 11). Since payoff is
determined by compensation, high payoff implies high compensation. Appropriately,
when gig payoffs are very high, each company can afford to hire a small amount of these
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elite, skilled non-standard workers. This explains why the attractor arc for high gig payoffs
is located near (0, 0)∗, indicating a labor composition consisting of few gig workers. Often,
firms recruit highly skilled non-standard workers to provide rare, distinctive skills and
abilities that are unavailable within the company [61]. Previous studies suggest that highly
skilled workers benefit more from the flexibility provided by non-standard employment
and possess increased negotiating leverage due to their desirable skill-sets [61,62]. Highly
skilled workers may be more inclined to pursue non-standard employment due to this
increased flexibility [63]. Contrarily, low-skill workers pursuing non-standard employment
are more exposed to the precarity of evolving market conditions and possess less bargaining
power [64,65].

a b

c d

Figure 13. Attractor arc drift transformations. (a) Arc transformation with high gig payoff matrix
operation, see Figure 11; theoretical GameState pair, see Figure 1; and δaq = δdq = 10. (b) Arc
transformation with high employee payoff matrix operation, see Figure 12; theoretical GameState
pair, see Figure 1; and δaq = δdq = 10. (c) Reference attractor arc with theoretical GameState pair, see
Figure 1. (d) Composite diagram with arcs (a–c).

More recently, technology has enabled firms to outsource more piecemeal work to
low-skill workers. Existing literature suggests that technology reduces task complexity, en-
abling workers with fewer skills to complete these jobs [66,67]. Without contemporary gig
platforms, there was a higher barrier to discover and secure auxiliary work arrangements.
Digital platforms enable low-skill workers to feasibly participate in the gig economy by
coordinating and matching streams of labor supply and demand and providing workers
with a sustained cascade of work opportunity. Examples of such technologies include
ride-sharing and last-mile delivery apps such as Uber, Lyft and DoorDash as well as free-
lancing websites such as Upwork, all of which introduce mostly low-skill, low-payoff
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workers to the gig economy. While some readers may regard sharing-economy applications
as platform operations, drivers as gig workers and customers as the firm who employs
the driver, we clarify our interpretation of the sharing-economy platform as the firm. As
low-skill gig workers such as Uber drivers flooded the gig economy, gig payoffs decreased
relative to employee payoffs. This is consistent with our model as the attractor arc shifts
towards (1, 1)∗ from the blue to yellow arc during this development, reflecting the neoteric
growth of the modern gig economy.

3.3.2. Technological Implications on the Future of the Gig Economy

Notional future growth of the gig economy is represented by the evolution from
the yellow arc to the red arc. Per our model, as employee payoffs increase relative to
gig payoffs, the attractor arc nears (1, 1)∗; this implies that the labor market consists of
mostly gig workers and few employees. Some ride-sharing firms may already example
such distinct gig-employee bifurcation consistent with an arc positioned near (1, 1)∗. For
instance, Uber’s personnel consists of many low payoff gig drivers, and relatively few high
payoff engineers, managers and executives. Such a distribution is reflected in our model as
we observe an attractor arc position higher up on the y1 axis for low-skill firms, implying a
workforce with a higher density of gig laborers.

There are cogent reasons to believe that the gig economy might either decrease or
increase in size, a tension we aim to inform. We offer model-informed explanations that
acknowledge the two competing logics. In order for the gig economy to continue growing,
employee payoffs must increase relative to gig payoffs. Such a development implies that
high skill work must benefit gig roles such that executives, the highest paid individuals, are
the only employees remaining in an enterprise. In the current enterprise structure, there are
numerous obstacles facing such a workforce transformation. While low-skill firms compete
on pricing, high skill firms compete on talent. Thus far, most gig-dominant firms are low-
skill firms such as Uber and Lyft which leverage commodity skill workers to operate their
services. On the other hand, the notion of ubiquitous high-skill gig work faces the legal and
strategic complication of trade secrets, non-disclosure agreements, non-competes and other
intellectual property complexities. Further, there is growing consensus that artificially
intelligent machines will replace many processes currently fulfilled by commodity-skill
human operators. Resultantly, low-skill gig workers such as Uber drivers will be displaced
as a part of this technological transformation, signaling a future contraction in the present
day low-skill dominant gig economy. The question is whether these displaced workers will
find new roles as employees or gig workers.

There are also compelling reasons to believe that the gig economy will continue grow-
ing. Researchers have conjectured that workers displaced by AI technologies will find
roles in which they supervise machines and fulfill other more creative responsibilities [68].
Creative roles are a suitable fit for the gig economy as these positions champion worker
flexibility. While ride-share companies like Uber and Lyft may decrease their gig applica-
tion, the freelancing cohort of the gig economy may potentially continue growing. Laying
the foundation for increasingly dynamic careers, education and learning opportunities
augmented by technology may also play a role in re-skilling or up-skilling the future
workforce. Further, the future may entail a re-constitution of enterprise with pioneering
frontier technologies, decentralization and remote work arrangements. A reconstitution of
policy structures can also play a role in the regulation and protection of trade secrets, all of
which may support adoption of ubiquitous high-skill gig work.

The work and enterprise structures of the future depend on a dizzying constellation
of cultural and technological developments, rendering it difficult to speculate the future
direction of the gig economy. While we address the competing logics, we do not state a
specific preference for future gig economy growth or contraction. We hope that our model
extension can inform the discussion by providing a new payoff framework that can be
applied when thinking about technology’s role in the growth of the gig economy.
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3.4. Policy Influences on Firm and Laborer Gig Preference

Using a similar approach, we also explore policy influences on labor strategies by
applying an evolving-payoff framework. While the gig economy has been viewed as
beneficially transformative to some, others share a more precarious disposition regarding
its economic imbalances. For researchers, policy makers and industrialists alike, there
exists a tension as to whether or how to regulate the gig economy. In the context of the
labor market, policy behaves as a mechanism that can transfer risk and economic burdens
between firms and laborers [25,28,29].

During periods of lenient policy regulation, firms can take advantage of regulatory
ambiguity and exploit gig workers. On the other hand, gig laborers are unprotected and
must tolerate firm expectations. To model the payoff during a period of lenient policy
ordinance, we subtract δap from the laborer’s gig payoff and add δap to the firm’s gig
payoff where δap denotes the payoff from transferred economic risk, see Figure 14. The
attractor arc for lenient policy ordinance is represented in red, see Figure 16a.

Laborer\Firm Gig Employee
Gig [al0 � �ap, af0 + �ap] [bl0, bf0]
Employee [cl0, cf0] [dl0, df0]

Laborer\Firm Gig Employee
Gig [al1 � �ap, af1 + �ap] [bl1, bf1]
Employee [cl1, cf1] [dl1, df1]

Figure 3: Lenient Policy, Matrix Operation

In the course of strict policy enactment, governments demand firms to more
closely classify gig workers as employees. For instance, a government may man-
date that firms provide benefits and additional protections to gig laborers. Ac-
cordingly, gig workers benefit as they receive additional worker protections and
increased welfare. To model the payo↵ during a period of strict policy ordi-
nance, we add 3 from the laborer’s gig payo↵ and subtract 3 to the firm’s gig
payo↵. The attractor arc for strict policy ordinance is represented in blue.

Laborer\Firm Gig Employee
Gig [al0 + �ap, af0 � �ap] [bl0, bf0]
Employee [cl0, cf0] [dl0, df0]

Laborer\Firm Gig Employee
Gig [al1 + �ap, af1 � �ap] [bl1, bf1]
Employee [cl1, cf1] [dl1, df1]

Figure 4: Strict Policy, Matrix Operation

Laborer\Firm Gig Employee
Gig [al0 + �aq, af0 + �aq] [bl0, bf0]
Employee [cl0, cf0] [dl0, df0]

Laborer\Firm Gig Employee
Gig [al1 + �aq, af1 + �aq] [bl1, bf1]
Employee [cl1, cf1] [dl1, df1]

Figure 5: High Gig Payo↵, Matrix Operation

To demonstrate the position of the attractor arc when employee strategies
o↵er high payo↵s, we add 10 to the reference payo↵ matrix pair for all matching
employee strategies. The attractor arc for high employee payo↵s is illustrated
in red.
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Figure 14. Lenient policy, matrix operation. (a) Lenient ordinance, n = 0. (b) Lenient ordinance, n = 1.

In the course of strict policy enactment, governments demand firms to more closely
classify gig workers as employees. For instance, a government may mandate that firms
provide benefits and additional protections to gig laborers. Accordingly, gig workers
benefit as they receive additional worker protections and increased welfare. To model the
payoff during a period of strict policy ordinance, we add δap from the laborer’s gig payoff
and subtract δap to the firm’s gig payoff, see Figure 15. The attractor arc for strict policy
ordinance is represented in blue, see Figure 16b.

Laborer\Firm Gig Employee
Gig [al0 � �ap, af0 + �ap] [bl0, bf0]
Employee [cl0, cf0] [dl0, df0]

Laborer\Firm Gig Employee
Gig [al1 � �ap, af1 + �ap] [bl1, bf1]
Employee [cl1, cf1] [dl1, df1]

Figure 3: Lenient Policy, Matrix Operation

In the course of strict policy enactment, governments demand firms to more
closely classify gig workers as employees. For instance, a government may man-
date that firms provide benefits and additional protections to gig laborers. Ac-
cordingly, gig workers benefit as they receive additional worker protections and
increased welfare. To model the payo↵ during a period of strict policy ordi-
nance, we add 3 from the laborer’s gig payo↵ and subtract 3 to the firm’s gig
payo↵. The attractor arc for strict policy ordinance is represented in blue.

Laborer\Firm Gig Employee
Gig [al0 + �ap, af0 � �ap] [bl0, bf0]
Employee [cl0, cf0] [dl0, df0]

Laborer\Firm Gig Employee
Gig [al1 + �ap, af1 � �ap] [bl1, bf1]
Employee [cl1, cf1] [dl1, df1]

Figure 4: Strict Policy, Matrix Operation

Laborer\Firm Gig Employee
Gig [al0 + �aq, af0 + �aq] [bl0, bf0]
Employee [cl0, cf0] [dl0, df0]

Laborer\Firm Gig Employee
Gig [al1 + �aq, af1 + �aq] [bl1, bf1]
Employee [cl1, cf1] [dl1, df1]

Figure 5: High Gig Payo↵, Matrix Operation

To demonstrate the position of the attractor arc when employee strategies
o↵er high payo↵s, we add 10 to the reference payo↵ matrix pair for all matching
employee strategies. The attractor arc for high employee payo↵s is illustrated
in red.

4

a b

Figure 15. Strict policy, matrix operation. (a) Strict ordinance, n = 0. (b) Strict ordinance, n = 1.

The Impact of Regulation on Labor Strategy Sensitivities

While the position of the attractor arc is a suitable proxy for the position of the trapping
zone, arc orientation does not always represent the orientation of the trapping zone. As the
slope of the arc increases and the arc becomes more vertical, the slope of the trapping zone
decreases and becomes more horizontal. Conversely, as the slope of the arc decreases and
the arc becomes more horizontal, the slope of the trapping zone increases and becomes
more vertical. This concept is visually represented in Figure 17. On one hand, when the
attractor arc becomes more vertical, laborers experience an increased sensitivity between
employee and gig strategies across market cycles while firms experience a decreased
sensitivity; this can be understood as oscillators in the trapping zone become elongated
on the x1 axis and shortened on the y1 axis. On the other hand, when the attractor arc
becomes more horizontal, laborers experience a decreased sensitivity between employee
and gig strategies across market cycles while firms experience an increased sensitivity; this
can be understood as oscillators in the trapping zone become shortened on the x1 axis and
elongated on the y1 axis. We define an oscillator as an evolutionary orbit for the system
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across market cycles. We define sensitivity as the distinction between and preference for
gig or employee strategies across market conditions.

a b

c d

Figure 16. Attractor arc drift transformations. (a) Arc transformation with lenient policy matrix
operation, see Figure 14; theoretical GameState payoff pair, see Figure 1; and δap = 3. (b) Arc
transformation with strict policy matrix operation, see Figure 15; theoretical GameState payoff pair,
see Figure 1; and δap = 3. (c) Reference attractor arc with theoretical GameState payoff pair, see
Figure 1. (d) Composite diagram with arcs (a–c).

An interval of lenient policy will drive the attractor arc to increase in slope and become
more vertical while strict policy will drive the arc to decrease in slope and become more
horizontal. For our demonstrations, we will use our vertical attractor arc as an extreme example
of lenient policy and our horizontal attractor arc as an extreme example of strict policy.

During a period of strict regulatory ordinance, the firm must pay the gig worker
increased compensation, even though the gig worker provides the same quality of work
as before. Therefore, the firm experiences an increased sensitivity and larger distinction
between gig workers and employees. If we consider our horizontal attractor arc to be an
extreme example of strict policy, we see that the y1 trapping zone span is elongated while
the x1 trapping zone span is shortened. The longer y1 trapping zone span exhibits the
firm’s increased sensitivity to worker type and a greater distinction between hiring gig
workers or employees. For laborers, the shorter x1 span signifies a decreased sensitivity
for participating as a gig worker or an employee; this is a logical transformation, as strict
policy mandates greater equality in the treatment of gig workers and employees, forming a
strengthened gig-employee resemblance.
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a b

Figure 17. Vertical and horizontal attractor arc and trapping zone slopes. (a) Attractor arc using
theoretical payoff pair, see Figure A7 in Appendix B. When the attractor arc is oriented vertically, the
slope of the trapping zone becomes horizontal and perpendicular to the arc. (b) Attractor arc using
theoretical payoff pair, see Figure A8 in Appendix B. When the attractor arc is oriented horizontally,
the slope of the trapping zone becomes vertical and perpendicular to the arc. The opaque yellow
ellipse is a background element to indicate the general region of the trapping zone. The evolutionary
trajectories in both (a,b) trapping zones are orthogonal to their respective arcs.

Conversely, in a period of lenient policy denoted by the red arc, we find that the x1
trapping zone span is elongated while the y1 trapping zone span is shortened. Considering
the lack of gig worker protections during intervals of lenient policy, it is sensible that gig
workers experience increased sensitivity between worker categories without regulation, as
there is greater distinction between working as an employee or a gig worker. On the other
hand, firms experience a decreased sensitivity for worker type as they can take advantage
of regulatory ambiguity to maximize operational efficiency.

In this theoretical extension, we assume that policy behaves as a mechanism that can
shift economic burdens, represented through payoffs, between firms and laborers. We
propose an evolving-payoff framework to model the impact of policy regulations on firm
and worker labor strategies. Our findings inform existing literature and scholarship by
demonstrating how policy transfers payoff utility and alters firm and laborer sensitivities
for different labor strategies.

3.5. A Treble of Evolutionary Dynamics under Technology, Policy and Market Influence

In the present work, we introduce three distinct dynamics: market-driven oscillation,
technology-driven arc drift and policy-driven arc tilt. Each dynamic is set in motion due
to an environment-driven adjustment in payoffs. Although we introduce each dynamic
individually, in reality, technology, policy and market environments evolve in concert,
see Figure 18. In this section, we establish an aggregate theory that addresses the treble
of evolutionary dynamics under technology, policy and market influence and discuss
implications for the labor economy.

Our model involves a pair of GameStates; GameState pairs consist of a firm
category in a bear and bull market. For instance, Small Low Bear and Small
Low Bull make up a GameState pair that portrays a small low skill firm in bear
and bull markets. We append 0 and 1 to the payo↵ subscripts to denote bear
and bull market GameStates respectively.

Bear Market GameState, n = 0

Laborer\Firm Gig Employee
Gig [al0, af0] [0, 0]
Employee [0, 0] [dl0, df0]

Bull Market GameState, n = 1

Laborer\Firm Gig Employee
Gig [al0 + �an

l , af0 + �an
f ] [0, 0]

Employee [0, 0] [dl0 + �dn
l , df0 + �dn

f ]

3

a b c

Figure 18. Treble of dynamics. (a) Market driven oscillatory dynamics. (b) Technology driven arc drift.
(c) Policy driven arc tilt.
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3.5.1. An Evolving Orbit of Forced Dynamics

To concurrently model dynamics influenced by technology, policy and markets, we
introduce two new environment variables, p representing the policy landscape and q
representing the technology landscape. Our three environment variables n, p and q all
exist as functions of time. Accordingly, we reconstitute our firm and laborer payoffs as
a function of n, p and q and incorporate δn, δp and δq terms as specified in the market,
technology and policy sections.

∆a(n,p,q)
l = nδan

l + qδaq + pδap (13)

∆a(n,p,q)
f = nδan

f + qδaq + pδap (14)

∆d(n,p,q)
l = nδdn

l + pδdp + qδdq (15)

∆d(n,p,q)
f = nδdn

f + pδdp + qδdq (16)

Here, ∆(n,p,q) terms capture the change in strategy payoffs due to exogenous environ-
ment variables as specified in Figures 9, 11, 12, 14 and 15. n ∈ [0, 1] denotes the market
condition where 0 and 1 represent bear and bull markets, respectively. p ∈ [−1, 1] repre-
sents the policy landscape where −1 and 1 represent lenient and strict policies, respectively.
q ∈ [0, 1] denotes technology adoption where 0 and 1 represent a technology landscape that
favors gig and employee strategies, respectively. In respect to n, p is a fast moving variable
and q is a slow moving variable to reflect the comparative pace of technology, policy and
market change.

A(n, p, q) =

(
al0 + ∆a(n,p,q)

l 0
0 dl0 + ∆d(n,p,q)

l

)
(17)

B(n, p, q) =


a f 0 + ∆a(n,p,q)

f 0

0 d f 0 + ∆d(n,p,q)
f




T

(18)

Here, laborer and firm payoffs are in terms of ∆(n,p,q), see the equations above, where
A(n, p, q) and B(n, p, q) denote laborer and firm payoffs, respectively. For simplification
purposes, we assign all mismatching strategies a payoff of 0 as no mutual labor agreement
is made between firm and laborer.

In our model, the replicator equation implies that if a specific labor strategy perishes
at an ESS, it can not be revived and reintroduced to the labor economy. Therefore, the
present day co-existence of gig and employee strategies informs us that the labor economy
exists in a pseudo-stable state rather than at a stable equilibrium. In the present work, we
present three mechanisms that work together to “trap” the system in this pseudo-stable
equilibrium which manifests as an evolving orbit of forced dynamics.

We note that market influenced driven-oscillation as a lone dynamic is unstable over
a sustained period of time. In Figures 7 and 8, it is apparent that the system is slowly
escaping the trapping zone over several market cycles as the oscillatory dynamics become
more asymmetric; the system will eventually escape to an ESS if the attractor arc remains
in the same position. We propose that policy influenced arc tilt and technology driven arc
drift work to re-situate the arc and sustain a dynamic trapping zone. Therefore, oscillatory
dynamics by market influence, arc tilt by policy developments and arc drift by technology
adoption evolve in concert to maintain a perpetual pseudo-stable state.

Mathematically, our strategy payoffs when n = 0 (al0, a f 0, dl0, d f 0) and our δ terms
(δn, δp, δq) exist as constants dependent on the labor economy of interest. With n, p and
q as our environment variables, A(n, p, q) and B(n, p, q) denote payoffs for laborers and
firms, respectively, where n, p and q are functions of time. An evolving orbit of forced
dynamics can be explained through the confluence of ṅ, ṗ and q̇, which describe how each
environment evolves over time. In addition to the particular examples demonstrated in
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this work, in principle, we can characterize the subtle difference in terms of how specific
assumptions about environment variables would impact gig labor preferences.

3.5.2. Implications for the Modern Gig Economy

In this work, we introduce three dynamics that help explain the present day co-
existence of gig and employee strategies and why a single strategy has not dominated
at an ESS. Market driven oscillatory dynamics reflect changes in labor preferences across
economic conditions. Technology influenced arc drift illustrates the transformative nature
of new technologies that increase opportunities for freelance labor and auxiliary work
arrangements. Policy guided arc tilt reflects the regulation and transfer of economic risks
between firms and laborers in an effort to maintain fair, sustainable labor economies. These
three environments embrace in an interlocking dance, a balancing act, to create an evolving
trapping zone where the labor economy can support the co-existence of labor strategies.

The described treble of dynamics, guided by ṅ, ṗ and q̇, serve as a checks-and-balances
apparatus to trap the labor economy in a pseudo-stable state of strategy co-existence. When
there is an irregular market cycle, such as a prolonged economic recession, it is sensible to
expect new policies for labor protection and new opportunities for technology enterprise,
both of which respond to balance out the market abnormality. When new technologies
emerge, policy serves as the regulatory instrument to facilitate the prudent adoption of
novel applications, and the market evolves to reflect future sentiment of emerging tech-
enabled opportunities. When regulatory bodies introduce new labor policies, the market
reacts to reflect sentiments regarding enterprise outlook, and new technologies emerge in
response to evolving governance guidelines. This treble of dynamics is a robust balancing
act; for example, not all policies are well designed, yet gig and employee strategies co-exist
today, implying that technology and markets appropriately responded from the genesis of
labor markets up to the present day. When one environment evolves abnormally, the other
two environments must respond to force a persistent trapping zone.

While this treble of dynamics has evolved in concert to prolong the labor market’s
pseudo-stable state from the genesis of labor economies to the present day, in the present
work, we do not claim that this evolving orbit of forced dynamics is an eternal stable
equilibrium. Assuming a finite temporal interval from the genesis of labor markets to
the present day, it can be inferred that this dynamical balancing act has been robust
enough to weather centuries of irregular market events, poorly-designed policies and
revolutionary technologies. Although robust, this balancing act may not be eternally
resistant. Regarding the future of the gig economy, it is plausible that if one policy, market
or technology development emerges and is so radical, the other environments may not be
able to appropriately respond in time. Therefore, some labor economies, whether it be that
of a specific sector or a single firm, may eventually break out of the pseudo-stable trapping
zone and escape to an ESS where either only gig or only employee strategies exist.

In the present work, we establish a model to describe policy, technology and market
influences through a treble of dynamics that support the co-existence of gig and employee
strategies. While we presume these dynamics are robust given present-day strategy co-
existence and the extensive history of labor markets, we leave future scenarios open to the
possibility that some labor economies may shift entirely to one type of workforce. Given
new technology, policy or market developments, it may be sensible for some industries
to adopt a single labor strategy, while others may continue to champion a mixed strategy
workforce. Thus, it is incumbent on the innovators, the policy makers, the laborers and
the firms to appropriately respond to new environmental events in order to ensure the
sustainable, fair futures of their respective labor economies.

4. Discussion

The emergence of the modern gig economy introduces a new set of employment
considerations for firms and laborers. Among manifold regards, firms must elect between
hiring a gig worker or an employee while balancing labor costs with product quality
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and worker reliability. When deciding to participate in the gig economy, laborers must
evaluate autonomy at the expense of financial stability and labor protections conferred with
employee status. In practice, these elements of employment incentives and deterrents can
be modeled with strategy-dependent payoffs, presenting a suitable opportunity for a game
theoretical exploration. Influenced by several macroeconomic forces, these employment
incentives are shaped by the nexus between dynamic market, technology and policy
developments. On one hand, a bear market can discount worker-autonomy and accessible
service demand from consumers. On the other, a bull market can enable workers to engage
in a broader scope of alternative engagements and earn additional bonuses. Indeed, high
and low skill laborers are impacted differently and have idiosyncratic susceptibilities to
market changes. Regarding regulatory structures, policy behaves as a mechanism that
transfers economic burdens between firms and laborers. For researchers and policy markers
alike, there remains an unanswered question as to whether or how to regulate the gig
economy. Adjacently, advancements in technology—in particular, digital platforms—have
often been attributed as catalysts of growth for the modern gig economy. Contrarily,
other technologies such as AI may implicate a future contraction of the servicing gig
economy. Consolidating a multitude of micro and macro determinants, we explore how
the compositions of firm and laborer strategies for gig or employee labor evolve under
different market conditions, regulatory ordinances and technological developments.

In our work, we apply a game theoretical approach to study the evolution of strategy
densities in firm and laborer populations, recasting employment incentives into strategy-
dependent payoffs and fluctuating market conditions into an evolving environment vari-
able. Formally, we extend the replicator equation to model oscillating dynamics in two-
player asymmetric bi-matrix games with a time-evolving environment. While classical
game theory centers on stable equilibrium solutions, we demonstrate a pseudo-stable
state in which the system oscillates in a trapping zone orbit as a result of dynamic payoffs
governed by three evolving environments. We extend our model to exhibit how changes
in payoffs can transform the orientation and position of the system’s oscillatory orbit,
concepts we refer to as arc drift and arc tilt. Applying these concepts to our study of the
gig economy, we demonstrate how technology and policy can implicate arc drift and tilt.

In the present work, we present three noteworthy contributions to existing scholarship
on the gig economy and evolutionary dynamics. First, we extend the replicator equation to a
new form of game, oscillating replicator dynamics with attractor arcs, introducing concepts
of the attractor arc, driven oscillation, trapping zone and escape. We extensively study the
behavior of a pseudo-stable equilibrium which is governed by evolving environments. We
detail this pseudo-stable equilibrium with the notion of a trapping zone. The formalization
of the attractor arc presents a novel analytical approach for evolutionary game theory
where we are able to study new dynamics arising from arc transformations, which we
formalize in our arc drift and arc tilt concepts. Further, we establish how escape can be
bounded for extended periods through a stabilizing treble of dynamics: driven oscillation,
arc drift and arc tilt.

Second, we present a generalized economic model to study strategy evolution in any
labor economy, whether it be that of a country or a single firm, and demonstrate how
market, technology and policy influence labor strategies in three distinct dynamics. We
explore how evolving market conditions implicate different oscillatory dynamics based on
how firms and laborers adjust their strategy payoff considerations in bear and bull markets.
Next, we present a payoff framework to analyze the role of technology in the growth
of the gig economy, informing tensions regarding the future of this new employment
category. By exploring the nature of attractor arc drift, we establish payoff operations that
imply the growth or contraction of the gig economy. We provide analysis that suggests
technology, namely digital platforms, enabled low skill workers to sustainably participate
in the gig economy, resulting in its neoteric rise. In our theoretical extension, we offer
arguments that suggest the gig economy may either continue to grow or contract in the
future. The direction of future gig economy growth depends on various technological
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developments and a potential future re-constitution of work and enterprise. Finally, we
explore regulatory implications within the gig economy, demonstrating how policy acts
as a mechanism to transfer risk and economic burden between firms and laborers. In our
model, we investigate the impact of shifting payoff utility between firms and laborers,
which is reflected in an arc tilt transformation. We find that intervals of lenient and strict
regulatory ordinances alter firm and worker sensitivities to different labor strategies.

Third, we establish an aggregate theory that addresses the treble of dynamics under
technology, policy and market influence. We explore how the three dynamics work together
to “trap” the system in a pseudo-stable equilibrium which manifests as an evolving orbit
of forced dynamics. When there is a market abnormality, new policies and technologies
are introduced to facilitate economic balance. When a radical policy is ratified, technology
adapts to new governance guidelines, and markets reflect future enterprise outlook. When
a transformative technology emerges, policy facilitates its cautious adoption and markets
reflect future technology-enabled opportunities. While we presume that these three dy-
namics serve as a robust balancing apparatus that has historically helped sustain gig and
employee strategy co-existence, we leave the future of some labor economies open to the
possibility of single strategy dominance.

This work is founded on assumptions contingent on a number of limitations. We
present our model’s constraints, mapping out directions with promising opportunity for
future research.

As discussed, our evolutionary model presents a pseudo-stable equilibrium condi-
tional on the relationship between selection intensity, ω, and the rates of environment
evolution, ṅ, ṗ and q̇. Further research can be conducted to mathematically formalize
trapping boundaries and escape velocities. Moreover, we also hypothesize that there exist
regions in some systems wherein infinite oscillation in a trapping zone is possible; research
on the alignment of attractor arcs and system symmetries may elucidate on this hypothesis.

In conclusion, we propose a model that incorporates a co-evolving treble of macro
forces—markets, technology and policy—and demonstrate their respective influences
on labor strategies in the gig economy. We demonstrate how technology is a driver of
change in the labor economy and how policy is integral to the sustainability of new
systems and the protection of involved parties. The primary goals of this paper were
the further comprehension of micro and macro influences on firm and laborer incentives
for gig adoption. We provide researchers, policy makers and industrialists alike with a
novel evolutionary model and payoff framework approach for better understanding firm
and laborer behaviors in the gig economy. Finally, it is our hope that scholarship on the
gig economy can extend to study adjacent topics of education and economic mobility.
Perhaps the rise of distributed and widely-accessible education resources paired with a
reconstitution of work and enterprise will establish the future gig economy as a means of
economic mobility.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/
10.3390/g12020049/s1, Figure S1: Evolution of Strategy Densities for Small Low-Skill Firm with
Initial Conditions (0.4417, 0.5554), the attractor position at n = 0.5, an approximation for a point in
the trapping zone; ω = 0.00000001; and Payoff Matrices Small Low Bear and Small Low Bull, see
Tables S1 and S2. (a) Trapping Zone Orbit (b) Attractor Arc (c) Labor Strategy Oscillation Over Three
Market Cycles. In (a), the trapping zone orbit is plotted in yellow, and attractor positions at n = 0
and n = 1 are represented in orange and blue respectively. In (b), we plot a reference attractor arc
in purple with attractor positions when n = 0, n = 0.25, n = 0.5, n = 0.75 and n = 1. (c) visualizes
the fluctuation in firm and laborer preferences for gig strategies over three market cycles, Figure S2:
Evolution of Strategy Densities for Large Low-Skill Firm with Initial Conditions (0.5186, 0.5535), the
attractor position at n = 0.5, an approximation for a point in the trapping zone; ω = 0.0000000002;
and Payoff Matrices Large Low Bear and Large Low Bull, see Tables S3 and S4 (a) Trapping Zone
Orbit (b) Attractor Arc (c) Labor Strategy Oscillation Over Three Market Cycles. In (a), the trapping
zone orbit is plotted in yellow, and attractor positions at n = 0 and n = 1 are represented in orange
and blue respectively. In (b), we plot a reference attractor arc in purple with attractor positions when
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n = 0, n = 0.25, n = 0.5, n = 0.75 and n = 1. (c) visualizes the fluctuation in firm and laborer
preferences for gig strategies over three market cycles, Figure S3: Evolution of Strategy Densities for
Small High-Skill Firm with Initial Conditions (0.5498, 0.4298), the attractor position at n = 0.5, an
approximation for a point in the trapping zone; ω = 0.00000001; and Payoff Matrices Small High
Bear and Small High Bull, see Table S5 and S6 (a) Trapping Zone Orbit (b) Attractor Arc (c) Labor
Strategy Oscillation Over Three Market Cycles. In (a), the trapping zone orbit is plotted in yellow,
and attractor positions at n = 0 and n = 1 are represented in orange and blue respectively. In (b),
we plot a reference attractor arc in purple with attractor positions when n = 0, n = 0.25, n = 0.5,
n = 0.75 and n = 1. (c) visualizes the fluctuation in firm and laborer preferences for gig strategies
over three market cycles, Figure S4: Evolution of Strategy Densities for Large High-Skill Firm with
Initial Conditions (0.5973, 0.4302), the attractor position at n = 0.5, an approximation for a point in
the trapping zone; ω = 0.0000000002; and Payoff Matrices Large High Bear and Large High Bull, see
Tables S7 and S8 (a) Trapping Zone Orbit (b) Attractor Arc (c) Labor Strategy Oscillation Over Three
Market Cycles. In (a), the trapping zone orbit is plotted in yellow, and attractor positions at n = 0
and n = 1 are represented in orange and blue respectively. In (b), we plot a reference attractor arc
in purple with attractor positions when n = 0, n = 0.25, n = 0.5, n = 0.75 and n = 1. (c) visualizes
the fluctuation in firm and laborer preferences for gig strategies over three market cycles, Table S1:
GameState Contract Demand Distribution, Table S2: GameState Payoff Coefficients, Table S3: 4 × 4
Payoff Matrix: Matching Strategy Pairs, Table S4: 4 × 2 Payoff Matrix: Matching Strategy Pairs for
High-Skill Contracts, Table S5: 4 × 2 Payoff Matrix: Matching Strategy Pairs, Table S6: 4 × 2 Payoff
Matrix: Matching Strategy Pairs for Firms, Table S7: 4 × 2 Payoff Matrix: Mismatching Strategy Pairs
for Firms, Table S8: 4 × 2 Payoff Matrix: Matching Strategy Pairs for Laborers, Table S9: 4 × 2 Payoff
Matrix: Mismatching Strategy Pairs for Laborers, Table S10: 4 × 4 Payoff Matrix, Table S11: 2 × 2
Payoff Matrix, Table S12: 2 × 2 Payoff Matrix for GameState in Setting Small Low Bear, Table S13:
2 × 2 Payoff Matrix for GameState in Setting Small Low Bull, Table S14: 2 × 2 Payoff Matrix for
GameState in Setting Large Low Bear, Table S15: 2 × 2 Payoff Matrix for GameState in Setting Large
Low Bull, Table S16: 2 × 2 Payoff Matrix for GameState in Setting Small High Bear, Table S17: 2 × 2
Payoff Matrix for GameState in Setting Small High Bull, Table S18: 2 × 2 Payoff Matrix for GameState
in Setting Large High Bear, Table S19: 2 × 2 Payoff Matrix for GameState in Setting Large High Bull.
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Appendix A. Evolutionary Model

Appendix A.1. System Equilibria

In this section, we solve for our evolutionary system’s fixed points for the general case.
For each fixed point, we analyze the stability of the equilibrium and offer an explanation.



Games 2021, 12, 49 26 of 31

Appendix A.1.1. Fixed Points

Solving our system of two equations and two unknowns, we reach a general solution
set that contains five fixed points. Below, we list each fixed point in the form (x1, y1)

∗.

FixedPoint1 = (0, 0)∗

FixedPoint2 = (1, 0)∗

FixedPoint3 = (0, 1)∗

FixedPoint4 = (1, 1)∗

FixedPoint5 = (
−(c f 0−d f 0−c f 0n+c f 1n+d f 0n−d f 1n)

(a f 0−b f 0−c f 0+d f 0−a f 0n+a f 1n+b f 0n−b f 1n+c f 0n−c f 1n−d f 0n+d f 1n) ,

−(bl0−dl0−bl0n+bl1n+dl0n−dl1n)
(al0−bl0−cl0+dl0−al0n+al1n+bl0n−bl1n+cl0n−cl1n−dl0n+dl1n) )

∗

Fixed points 1, 2, 3 and 4 lie on the extremes of our system, and FixedPoint5 is our only
internal equilibrium. In our model, this implies that FixedPoint5 is the only equilibrium
with a co-existence of gig workers and employees.

Appendix A.1.2. Stability Analysis

To analyze the stability of each equilibrium, we examine the eigenvalues of the Jaco-
bian matrix for each fixed point. For a fixed point to be asymptotically stable, eigenvalues
of the Jacobian must have all negative real parts. If eigenvalues have all positive real parts,
the fixed point is unstable. If the set of eigenvalues includes both positive and negative
real parts, the equilibrium is a saddle point.

In order to feasibly analyze the negativity of eigenvalues, we reduce the number of
generalized parameters. For simplification purposes, we assign all mismatching strategies
a payoff of 0 as no mutual labor agreement is made between firm and laborer. To further
simplify, we demonstrate our stability analysis with n = 0 rather than allowing n to remain
a generalized parameter. The remaining parameters are matching strategy payoffs; for all
GameStates, these payoffs take positive values. Given these assumptions, the simplified
Jacobian is as follows.

J =
[−(2x1 − 1)(al0y1 − dl0 + dl0y1) −x1(al0 + dl0)(x1 − 1)

−y1(a f 0 + d f 0)(y1 − 1) −(2y1 − 1)(a f 0x1 − d f 0 + d f 0x1)

]

(x∗1 ,y∗1)
(A1)

Saddle Points
We find that our internal equilibrium FixedPoint5 is a saddle point. The set of eigen-

values always takes both positive and negative values as the two eigenvalues are opposites
of each other.

Eigenvalue1 =
(a f 0al0d f 0dl0(a f 0+d f 0)(al0+dl0))

(1/2)

(a f 0al0+a f 0dl0+al0d f 0+d f 0dl0)

Eigenvalue2 = − (a f 0al0d f 0dl0(a f 0+d f 0)(al0+dl0))
(1/2)

(a f 0al0+a f 0dl0+al0d f 0+d f 0dl0)

Unstable Fixed Points
We find that FixedPoint2 (1, 0)∗ and FixedPoint3 (0, 1)∗, equilibria at mismatching

extremes, are unstable. Since all matching strategy payoffs are positive, both eigenvalues
of the Jacobian matrix for each of the two fixed points are always positive.

For FixedPoint2, Eigenvalue1 = a f 0 and Eigenvalue2 = dl0.
For FixedPoint3, Eigenvalue1 = al0 and Eigenvalue2 = d f 0.
If the system begins at one of these unstable fixed points, the system will not remain

stationary. Rather, the system will evolve on a trajectory towards a stable fixed point.
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Stable Fixed Points
We find that FixedPoint1 (0, 0)∗ and FixedPoint4 (1, 1)∗, equilibria at matching ex-

tremes, are unstable. Since all matching strategy payoffs are positive, both eigenvalues of
the Jacobian matrix for each of the two fixed points are always negative.

For FixedPoint1, Eigenvalue1 = −d f 0 and Eigenvalue2 = −dl0.
For FixedPoint4, Eigenvalue1 = −a f 0 and Eigenvalue2 = −al0.
If either of the initial condition begins at, or the system evolves to, one of these stable

fixed points, the system will remain stationary. These two stable fixed points are our
evolutionary stable strategies (ESS). At (0, 0)∗, firms and laborers both have a density of 0
for the gig strategy, implying that both populations consist entirely of employee strategies.
At (1, 1)∗, firm and laborer populations are fully dominated by gig strategies. If the system
evolves to an ESS, no auxiliary strategies will be able to invade the dominating strategy
population given an initially low strategy density [33,44]. In other words, if the labor
market evolves to a stage where both laborers and firms consist entirely of gig strategies,
the system will forever remain fixed, implying that gig workers will dominate the labor
market forever and that there will never exist an employee strategy again. Likewise, if the
labor market evolves to a stage where both laborers and firms are comprised entirely of
employee strategies, the system will remain fixed and employee strategies will dominate
the labor market forever.

Appendix A.1.3. Concept Visuals

Figure A1. Evolutionary behavior for n = 0, ṅ = 0 with theoretical GameState payoff, see Figure 1.
In this visualization, green represents initial condition, yellow represents the evolutionary path and
red represents the final system position at an ESS. Two evolutionary journeys are visualized with
initial conditions ( 1

4 , 1
4 ) and ( 3

4 , 3
4 ).

Figure A2. The chosen ṅ, n as a Function of t, to be used in the demonstrations.

Appendix A.2. Oscillating Replicator Dynamics

Appendix A.2.1. Computational Notes

We generate our evolutionary diagrams with Matlab and our phase diagrams with
Mathematica. We also employ Matlab for calculating attractor arc reference points, fixed
points, the Jacobian, eigenvalues and streamplot equations. We use the Adobe Photoshop
editor for superimposing diagrams and incorporating additional visual aids.
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Appendix A.2.2. Trapping Zone Orbit

We select our initial condition to be (0.45, 0.40), the attractor position at n = 0.5, an
approximation for a point in the trapping zone. This selection implies that we assume our
system has previously oscillated in the trapping zone up until this moment in time. This
assumption is sensible because the labor market maintains a co-existence of gig workers
and employees.

a b

Figure A3. Trapping zone oscillation with initial conditions (0.45, 0.40), ω = 0.005 and n = 1 and theoretical GameState
pair, see Figure 1. (a) Mismatching oscillatory behavior in trapping zone. (b) Trapping zone orbit. We illustrate the trapping
zone orbit in yellow. A reference attractor arc is plotted in purple and attractor positions at n = 0 and n = 1 are represented
in orange and blue, respectively. The opaque black ellipse is a background element for visual contrast.

Appendix A.2.3. Escape Demonstration with Different Initial Conditions

In this section, we illustrate an example of escape by increasing ω by a factor of 20, ω = 0.1,
such that the system reaches escape boundary. In Figure A4, the increase in ω occurs at the start
of the bull market. In Figure A5, the increase in ω occurs at the start of the bear market. The
purpose of the following demonstration is to illustrate how initial conditions can alter escape
destination. Therefore, claims founded on escape destination are indefensible because escape
destination is determined by arbitrary preparations of initial conditions.

Figure A4. Escape demonstration with initial conditions (0.45, 0.40), ω = 0.1 and n = 1 and
theoretical GameState pair, see Figure 1.
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Figure A5. Escape demonstration with initial conditions (0.45, 0.40), ω = 0.1 and n = 0 and
theoretical GameState pair, see Figure 1.

Appendix B. Payoff Matrices

employee strategies. The attractor arc for high employee payo↵s is illustrated
in red.

Laborer\Firm Gig Employee
Gig [al0, af0] [bl0, bf0]
Employee [cl0, cf0] [dl0 + �dq, df0 + �dq]

Laborer\Firm Gig Employee
Gig [al1, af1] [bl1, bf1]
Employee [cl1, cf1] [dl1 + �dq , df1 + �dq]

Figure 7: High Employee Payo↵, Matrix Operation

Laborer\Firm Gig Employee
Gig [9, 7] [0, 0]
Employee [0, 0] [2, 3]

Laborer\Firm Gig Employee
Gig [3, 2] [0, 0]
Employee [0, 0] [6, 8]

5

a ba b

Figure A6. Theoretical GameState payoff No. 2: (a) Bear market, n = 0; (b) Bull market, n = 1.

a b
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C.8. Large High Bull

Laborer\Firm Gig Employee
Gig [352366500.0, 474091576.0] [-3987480.0, -28791200.0]
Employee [-3987480.0, -28791200.0] [433984460.0, 467401118.0]

Table 10 2x2 Payo↵ Matrix for GameState in Setting Large High Bull

C.9. 2x2 Payo↵ Matrix for Vertical Attractor Arc Demonstration

(a) Bear Market, n = 0

Laborer\Firm Gig Employee
Gig [9, 7] [0, 0]
Employee [0, 0] [2, 7]

(b) Bull Market, n = 1

Laborer\Firm Gig Employee
Gig [3, 8] [0, 0]
Employee [0, 0] [6, 8]

C.10. 2x2 Payo↵ Matrix for Horizontal Attractor Arc Demonstration

(a) Bear Market, n = 0

Laborer\Firm Gig Employee
Gig [2, 7] [0, 0]
Employee [0, 0] [2, 3]

(b) Bull Market, n = 1

Laborer\Firm Gig Employee
Gig [3, 2] [0, 0]
Employee [0, 0] [3, 8]

References

Acemoglu D, Restrepo P. 2018. Artificial intelligence, automation and work. Technical report, National

Bureau of Economic Research.

Agrawal A, Gans J, Goldfarb A. 2018. Prediction Machines: The Simple Economics of Artificial Intelligence.

Harvard Business Press.

Alexander JM. 2002. Evolutionary game theory.

Allon G, Cohen M, Sinchaisri WP. 2018. The impact of behavioral and economic drivers on gig economy

workers. Available at SSRN 3274628.

Aloisi A. 2015. Commoditized workers: Case study research on labor law issues arising from a set of on-

demand/gig economy platforms. Comp. Lab. L. & Pol’y J., 37:653.

Amey A, Attanucci J, Mishalani R. 2011. Real-time ridesharing: opportunities and challenges in using mobile

phone technology to improve rideshare services. Transportation Research Record, 2217(1):103–110.

Anderson T, Bidwell M. 2019. Outside insiders: Understanding the role of contracting in the careers of

managerial workers. Organization Science, 30(5):1000–1029.

Applebaum HA. 1992. The concept of work: Ancient, medieval, and modern. SUNY Press.

Figure A7. Payoffs for vertical attractor arc demonstration. (a) Bear market, n = 0; (b) Bull market,
n = 1.

a b

Authors’ names blinded for peer review
Article submitted to Management Science; manuscript no. MS-0001-1922.65 45

C.8. Large High Bull

Laborer\Firm Gig Employee
Gig [352366500.0, 474091576.0] [-3987480.0, -28791200.0]
Employee [-3987480.0, -28791200.0] [433984460.0, 467401118.0]

Table 10 2x2 Payo↵ Matrix for GameState in Setting Large High Bull

C.9. 2x2 Payo↵ Matrix for Vertical Attractor Arc Demonstration

(a) Bear Market, n = 0

Laborer\Firm Gig Employee
Gig [9, 7] [0, 0]
Employee [0, 0] [2, 7]

(b) Bull Market, n = 1

Laborer\Firm Gig Employee
Gig [3, 8] [0, 0]
Employee [0, 0] [6, 8]

C.10. 2x2 Payo↵ Matrix for Horizontal Attractor Arc Demonstration

(a) Bear Market, n = 0

Laborer\Firm Gig Employee
Gig [2, 7] [0, 0]
Employee [0, 0] [2, 3]

(b) Bull Market, n = 1

Laborer\Firm Gig Employee
Gig [3, 2] [0, 0]
Employee [0, 0] [3, 8]

References

Acemoglu D, Restrepo P. 2018. Artificial intelligence, automation and work. Technical report, National

Bureau of Economic Research.

Agrawal A, Gans J, Goldfarb A. 2018. Prediction Machines: The Simple Economics of Artificial Intelligence.

Harvard Business Press.

Alexander JM. 2002. Evolutionary game theory.

Allon G, Cohen M, Sinchaisri WP. 2018. The impact of behavioral and economic drivers on gig economy

workers. Available at SSRN 3274628.

Aloisi A. 2015. Commoditized workers: Case study research on labor law issues arising from a set of on-

demand/gig economy platforms. Comp. Lab. L. & Pol’y J., 37:653.

Amey A, Attanucci J, Mishalani R. 2011. Real-time ridesharing: opportunities and challenges in using mobile

phone technology to improve rideshare services. Transportation Research Record, 2217(1):103–110.

Anderson T, Bidwell M. 2019. Outside insiders: Understanding the role of contracting in the careers of

managerial workers. Organization Science, 30(5):1000–1029.

Applebaum HA. 1992. The concept of work: Ancient, medieval, and modern. SUNY Press.

Figure A8. Payoffs for horizontal attractor arc demonstration. (a) Bear market, n = 0; (b) Bull market,
n = 1.

References
1. Temin, P. The Labor Market of the Early Roman Empire. J. Interdiscip. Hist., 2004, 34, 513–538. [CrossRef]
2. Applebaum, H.A. The Concept of Work: Ancient, Medieval, and Modern; SUNY Press: Albany, NY, USA, 1992.
3. Gallup. The Gig Economy and Alternative Work Arrangements; Gallup: Washington, DC, USA, 2018.
4. Benjaafar, S.; Hu, M. Operations management in the age of the sharing economy: What is old and what is new? Manuf. Serv.

Oper. Manag. 2020, 22, 93–101. [CrossRef]
5. Donovan, S.A.; Bradley, D.H.; Shimabukuru, J.O. What Does the Gig Economy Mean for Workers? Congressional Research Service:

Washington, DC, USA, 2016.
6. Kuhn, K.M. The rise of the “gig economy” and implications for understanding work and workers. Ind. Organ. Psychol. 2016,

9, 157–162. [CrossRef]
7. Burtch, G.; Carnahan, S.; Greenwood, B.N. Can you gig it? An empirical examination of the gig economy and entrepreneurial

activity. Manag. Sci. 2018, 64, 5497–5520. [CrossRef]

http://doi.org/10.1162/002219504773512525
http://dx.doi.org/10.1287/msom.2019.0803
http://dx.doi.org/10.1017/iop.2015.129
http://dx.doi.org/10.1287/mnsc.2017.2916


Games 2021, 12, 49 30 of 31

8. Sundararajan, A. Peer-to-peer businesses and the sharing (collaborative) economy: Overview, economic effects and regulatory
issues. In Written Testimony for the Hearing Titled the Power of Connection: Peer to Peer Businesses; U.S. Government Publishing
Office: Washington, DC, USA, 2014.

9. Ravenelle, A.J. Sharing economy workers: selling, not sharing. Camb. J. Reg. Econ. Soc. 2017, 10, 281–295. [CrossRef]
10. Yaraghi, N.; Ravi, S. The Current and Future State of the Sharing Economy; Elsevier: Amsterdam, The Netherlands, 2017.
11. Aloisi, A. Commoditized workers: Case study research on labor law issues arising from a set of on-demand/gig economy

platforms. Comp. Lab. L. Poly J. 2015, 37, 653.
12. Amey, A.; Attanucci, J.; Mishalani, R. Real-time ridesharing: opportunities and challenges in using mobile phone technology to

improve rideshare services. Transp. Res. Rec. 2011, 2217, 103–110. [CrossRef]
13. Janasz, T.; Schneidewind, U. The future of automobility. In Shaping the Digital Enterprise; Springer: Berlin/Heidelberg, Germany,

2017; pp. 253–285.
14. Prassl, J. Humans as a Service: The Promise and Perils of Work in the Gig Economy; Oxford University Press: Oxford, UK, 2018.
15. Lehdonvirta, V. Flexibility in the gig economy: managing time on three online piecework platforms. New Technol. Work. Employ.

2018, 33, 13–29. [CrossRef]
16. Broughton, A.; Gloster, R.; Marvell, R.; Green, M.; Langley, J.; Martin, A. The Experiences of Individuals in the Gig Economy;

Department for Business, Energy and Industrial Strategy: London, UK, 7 February 2018.
17. Oranburg, S.C. Unbundling Employment: Flexible Benefits for the Gig Economy. Drexel L. Rev. 2018, 11, 1.
18. Hyman, L. Temp: The Real Story of What Happened to Your Salary, Benefits & Job Security; Viking: New York, NY, USA, 2018.
19. Manyika, J.; Lund, S.; Bughin, J.; Robinson, K.; Mischke, J.; Mahajan, D. Independent work: Choice, necessity, and the gig

economy. McKinsey Glob. Inst. 2016, 2016, 1–16.
20. Acemoglu, D.; Restrepo, P. Artificial Intelligence, Automation and Work; Technical Report, National Bureau of Economic Research;

University of Chicago Press: Chicago, IL, USA, 2018.
21. Allon, G.; Cohen, M.; Sinchaisri, W.P. The Impact of Behavioral and Economic Drivers on Gig Economy Workers; Elsevier: Amsterdam,

The Netherlands, 2018.
22. Leung, M.D. Learning to hire? Hiring as a dynamic experiential learning process in an online market for contract labor. Manag.

Sci. 2018, 64, 5651–5668. [CrossRef]
23. Galperin, H.; Greppi, C. Geographical Discrimination in the Gig Economy; Elsevier: Amsterdam, The Netherlands, 2017.
24. Friedman, G. Workers without employers: Shadow corporations and the rise of the gig economy. Rev. Keynes. Econ. 2014,

2, 171–188. [CrossRef]
25. Todoli-Signes, A. The End of the Subordinate Worker? Collaborative Economy, On-Demand Economy, Gig Economy, and the

Crowdworkers’ Need for Protection. Int. J. Comp. Labour Law Ind. Relations 2017, 33, 241–268.
26. Stewart, A.; Stanford, J. Regulating work in the gig economy: What are the options? Econ. Labour Relations Rev. 2017, 28, 420–437.

[CrossRef]
27. De Stefano, V. Introduction: Crowdsourcing, the gig-economy and the law. Comp. Labor Law Policy J. 2016, 37, 461–470.
28. Johnston, H.; Land-Kazlauskas, C. Organizing On-Demand: Representation, Voice, and Collective Bargaining in the Gig Economy;

Conditions of Work and Employment Series No. 94; International Labour Office: Geneva, Switzerland, 2018.
29. Isaac, E. Disruptive Innovation: Risk-Shifting and Precarity in the Age of Uber; Berkeley Roundtable on the International Economy,

BRIE Working Paper 2014-7; University of California: Berkeley, CA, USA, 7 December 2014.
30. Dubal, V.B. Winning the Battle, Losing the War: Assessing the Impact of Misclassification Litigation on Workers in the Gig

Economy. Wis. Law Rev. 2017, 739. Available online: https://repository.uchastings.edu/cgi/viewcontent.cgi?article=2597
&context=faculty_scholarship (accessed on 19 May 2021).

31. Semuels, A. What Happens When Gig Economy Workers Become Employees? Atlantic 2018, 14. Available online:
http://calljensen.com/articles/ (accessed on 19 May 2021).

32. Kuhn, H.W.; Tucker, A.W. John von Neumann’s work in the theory of games and mathematical economics. Bull. Am. Math. Soc.
1958, 64, 100–122. [CrossRef]

33. Smith, J.M.; Price, G.R. The logic of animal conflict. Nature 1973, 246, 15–18. [CrossRef]
34. Nash, J.F., Jr. The bargaining problem. Econom. J. Econom. Soc. 1950, 18, 155–162. [CrossRef]
35. Weitz, J.S.; Eksin, C.; Paarporn, K.; Brown, S.P.; Ratcliff, W.C. An oscillating tragedy of the commons in replicator dynamics with

game-environment feedback. Proc. Natl. Acad. Sci. USA 2016, 113, E7518–E7525. [CrossRef]
36. Quincampoix, M. Differential Games; Springer: New York, NY, USA, 2012; pp. 854–861. [CrossRef]
37. Von Neumann, J.; Morgenstern, O.; Kuhn, H.W. Theory of Games and Economic Behavior (Commemorative Edition); Princeton

University Press: Princeton, NJ, USA, 2007.
38. Cressman, R.; Tao, Y. The replicator equation and other game dynamics. Proc. Natl. Acad. Sci. USA 2014, 111, 10810–10817.

[CrossRef] [PubMed]
39. Alexander, J.M. Evolutionary Game Theory. In Stanford Encyclopedia of Philosophy; Metaphysics Research Lab, Stanford University:

Stanford, CA, USA, 2002.
40. Bear, A.; Rand, D.G. Intuition, deliberation, and the evolution of cooperation. Proc. Natl. Acad. Sci. USA 2016, 113, 936–941.

[CrossRef] [PubMed]

http://dx.doi.org/10.1093/cjres/rsw043
http://dx.doi.org/10.3141/2217-13
http://dx.doi.org/10.1111/ntwe.12102
http://dx.doi.org/10.1287/mnsc.2017.2871
http://dx.doi.org/10.4337/roke.2014.02.03
http://dx.doi.org/10.1177/1035304617722461
https://repository.uchastings.edu/cgi/viewcontent.cgi?article=2597&context=faculty_scholarship
https://repository.uchastings.edu/cgi/viewcontent.cgi?article=2597&context=faculty_scholarship
http://calljensen.com/articles/
http://dx.doi.org/10.1090/S0002-9904-1958-10209-8
http://dx.doi.org/10.1038/246015a0
http://dx.doi.org/10.2307/1907266
http://dx.doi.org/10.1073/pnas.1604096113
http://dx.doi.org/10.1007/978-1-4614-1800-9_55
http://dx.doi.org/10.1073/pnas.1400823111
http://www.ncbi.nlm.nih.gov/pubmed/25024202
http://dx.doi.org/10.1073/pnas.1517780113
http://www.ncbi.nlm.nih.gov/pubmed/26755603


Games 2021, 12, 49 31 of 31

41. Rand, D.G.; Nowak, M.A. The evolution of antisocial punishment in optional public goods games. Nat. Commun. 2011, 2, 1–7.
[CrossRef] [PubMed]

42. Apicella, C.L.; Silk, J.B. The evolution of human cooperation. Curr. Biol. 2019, 29, R447–R450. [CrossRef]
43. Perc, M.; Jordan, J.J.; Rand, D.G.; Wang, Z.; Boccaletti, S.; Szolnoki, A. Statistical physics of human cooperation. Phys. Rep. 2017,

687, 1–51. [CrossRef]
44. Taylor, P.D.; Jonker, L.B. Evolutionary stable strategies and game dynamics. Math. Biosci. 1978, 40, 145–156. [CrossRef]
45. Schuster, P.; Sigmund, K. Replicator dynamics. J. Theor. Biol. 1983, 100, 533–538. [CrossRef]
46. Traulsen, A.; Hauert, C. Stochastic evolutionary game dynamics. Rev. Nonlinear Dyn. Complex. 2009, 2, 25–61.
47. Wu, T.; Fu, F.; Wang, L. Moving away from nasty encounters enhances cooperation in ecological prisoner’s dilemma game. PLoS

ONE 2011, 6, e27669. [CrossRef]
48. Hauert, C.; Saade, C.; McAvoy, A. Asymmetric evolutionary games with environmental feedback. J. Theor. Biol. 2019, 462, 347–360.

[CrossRef]
49. Shao, Y.; Wang, X.; Fu, F. Evolutionary dynamics of group cooperation with asymmetrical environmental feedback. EPL (Europhys.

Lett.) 2019, 126, 40005. [CrossRef]
50. Tilman, A.R.; Plotkin, J.B.; Akçay, E. Evolutionary games with environmental feedbacks. Nat. Commun. 2020, 11, 1–11. [CrossRef]
51. Wang, X.; Zheng, Z.; Fu, F. Steering eco-evolutionary game dynamics with manifold control. Proc. R. Soc. A 2020, 476, 20190643.

[CrossRef] [PubMed]
52. Sadik-Zada, E.R. Distributional bargaining and the speed of structural change in the petroleum exporting labor surplus economies.

Eur. J. Dev. Res. 2020, 32, 51–98. [CrossRef]
53. Carrera, E.J.S.; Policardo, L.; García, A.; Accinelli, E. A Co-evolutionary Model for Human Capital and Innovative Firms. In

Games and Dynamics in Economics; Springer: Berlin/Heidelberg, Germany, 2020; pp. 17–32.
54. Leitmann, G.; Liu, P. A differential game model of labor-management negotiation during a strike. J. Optim. Theory Appl. 1974,

13, 427–435. [CrossRef]
55. Araujo, R.A.; de Souza, N.A. An evolutionary game theory approach to the dynamics of the labour market: A formal and

informal perspective. Struct. Chang. Econ. Dyn. 2010, 21, 101–110. [CrossRef]
56. Hofbauer, J.; Sigmund, K. Evolutionary Games and Population Dynamics; Cambridge University Press: Cambridge, UK, 1998.
57. Zeeman, E.C. Population Dynamics from Game Theory. In Global theory of Dynamical Systems; Springer: Berlin/Heidelberg,

Germany, 1980; pp. 471–497.
58. De Souza, E.P.; Ferreira, E.M.; Neves, A.G. Fixation probabilities for the Moran process in evolutionary games with two strategies:

graph shapes and large population asymptotics. J. Math. Biol. 2019, 78, 1033–1065. [CrossRef]
59. Milnor, J. On the concept of attractor. In The Theory of Chaotic Attractors; Springer: Berlin/Heidelberg, Germany, 1985; pp. 243–264.
60. Eckmann, J.P.; Ruelle, D. Ergodic theory of chaos and strange attractors. In The Theory of Chaotic Attractors; Springer:

Berlin/Heidelberg, Germany, 1985; pp. 273–312.
61. Kalleberg, A.L.; Reynolds, J.; Marsden, P.V. Externalizing employment: Flexible staffing arrangements in US organizations. Soc.

Sci. Res. 2003, 32, 525–552. [CrossRef]
62. Golden, L. Limited access: Disparities in flexible work schedules and work-at-home. J. Fam. Econ. Issues 2008, 29, 86–109.

[CrossRef]
63. Barley, S.R.; Kunda, G. Gurus, Hired Guns, and Warm Bodies; Princeton University Press: Princeton, NJ, USA, 2011.
64. Kalleberg, A.L.; Reskin, B.F.; Hudson, K. Bad jobs in America: Standard and nonstandard employment relations and job quality

in the United States. Am. Sociol. Rev. 2000, 65, 256–278. [CrossRef]
65. Catanzarite, L. Brown-collar jobs: Occupational segregation and earnings of recent-immigrant Latinos. Sociol. Perspect. 2000,

43, 45–75. [CrossRef]
66. Smith, V. New forms of work organization. Annu. Rev. Sociol. 1997, 23, 315–339. [CrossRef]
67. Smith, V. The fractured world of the temporary worker: Power, participation, and fragmentation in the contemporary workplace.

Soc. Probl. 1998, 45, 411–430. [CrossRef]
68. Agrawal, A.; Gans, J.; Goldfarb, A. Prediction Machines: The Simple Economics of Artificial Intelligence; Harvard Business Press:

Boston, MA, USA, 2018.

http://dx.doi.org/10.1038/ncomms1442
http://www.ncbi.nlm.nih.gov/pubmed/21847108
http://dx.doi.org/10.1016/j.cub.2019.03.036
http://dx.doi.org/10.1016/j.physrep.2017.05.004
http://dx.doi.org/10.1016/0025-5564(78)90077-9
http://dx.doi.org/10.1016/0022-5193(83)90445-9
http://dx.doi.org/10.1371/journal.pone.0027669
http://dx.doi.org/10.1016/j.jtbi.2018.11.019
http://dx.doi.org/10.1209/0295-5075/126/40005
http://dx.doi.org/10.1038/s41467-020-14531-6
http://dx.doi.org/10.1098/rspa.2019.0643
http://www.ncbi.nlm.nih.gov/pubmed/32082066
http://dx.doi.org/10.1057/s41287-019-00221-7
http://dx.doi.org/10.1007/BF00934939
http://dx.doi.org/10.1016/j.strueco.2009.11.002
http://dx.doi.org/10.1007/s00285-018-1300-4
http://dx.doi.org/10.1016/S0049-089X(03)00013-9
http://dx.doi.org/10.1007/s10834-007-9090-7
http://dx.doi.org/10.2307/2657440
http://dx.doi.org/10.2307/1389782
http://dx.doi.org/10.1146/annurev.soc.23.1.315
http://dx.doi.org/10.2307/3097205

	Introduction
	Material and Methods
	Overview
	Evolutionary Dynamics of Gig Economy Labor Preferences

	Results
	Key Concepts and Theoretical Analysis of the Evolutionary Game Theory Model
	System Equilibria
	Saddle Points
	Saddle Point Geographies
	Attractor Arc, Driven Oscillation and Trapping Zones
	Shepherding Attractors, Driven Oscillation and Trapping Zones

	Market Influences on Firm and Laborer Gig Preference
	Interpretations of Market Influenced Dynamics
	Generalized Framework for Market Influenced Oscillatory Dynamics
	Payoff Generation

	Technology Influences on Firm and Laborer Gig Preference
	Technology and the Neoteric Growth of the Gig Economy
	Technological Implications on the Future of the Gig Economy

	Policy Influences on Firm and Laborer Gig Preference
	The Impact of Regulation on Labor Strategy Sensitivities

	A Treble of Evolutionary Dynamics under Technology, Policy and Market Influence
	An Evolving Orbit of Forced Dynamics
	Implications for the Modern Gig Economy


	Discussion
	Evolutionary Model
	System Equilibria
	Fixed Points
	Stability Analysis
	Concept Visuals

	Oscillating Replicator Dynamics
	Computational Notes
	Trapping Zone Orbit
	Escape Demonstration with Different Initial Conditions


	Payoff Matrices
	References

